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ABSTRACT 
 
 
In this dissertation, I use economic tools to address pressing issues associated with 
designing and managing conservation programs and evaluating the effectiveness of those 
programs. In the first essay, I derive the levels of policy instruments such as lump sum payments 
and annual subsidies that are sufficient to forestall conversion of private land to commercial 
activities that increase deforestation. This study assumes that private landowners face 
uncertainties in the benefits that they can get from competing land use alternatives, namely, 
conservation and conversion. The two main questions that this study answers are: 1) what is the 
value to private landowners of holding on to the ability to choose to convert their land at a future 
date? 2) How large do financial incentives have to be to convince the private landowner to give 
up this option of future conversion? The results from this study can guide a variety of 
conservation initiatives in designing more effective payment mechanisms to achieve ecological 
preservation goals on private lands.  
Climate change uncertainty makes it difficult to predict future conservation outcomes 
across a planning landscape. The second essay of my dissertation contributes to development of 
methods for spatial conservation portfolios by developing a tractable approach to manage the 
downside risk associated with climate-change induced variation in future conservation outcomes 
across space. This work identifies risk-reducing portfolio of conservation activity across space 
when conservation returns are non-normally distributed or when conservation agents are 
particularly averse to deviations in returns below a target level.  
The third essay of my dissertation uses a spatial matching technique to evaluate the 
impact of protection on forest degradation within protected areas using spatial econometrics for 
Indonesia between 2000 and 2010. My results illustrate a wide variation in forest degradation 
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across the different island-regions of Indonesia. The results from the non-parametric matching 
technique illustrate that protected areas across Indonesia have been effective in reducing forest 
degradation in Sumatra, Kalimantan and Papua but exhibit an increase in forest degradation in 
Java and Sulawesi.  
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CHAPTER 1: INTRODUCTION 
 
Anthropogenic forces have changed ecosystems more rapidly and extensively in the past 
50 years than in any comparable period of time in human history; this has resulted in a 
substantial and largely irreversible loss in essential ecosystem services (Millennium Ecosystem 
Assessment 2005). While concerned social planners and conservation agents have responded by 
expanding networks of nature reserves, only 12.2% of the land and 0.5% of the sea are now 
protected within reserves (WDPA 2010). These areas do not provide adequate protection for 
biodiversity, particularly for the species and ecosystems that are most imperiled (Rodrigues et al. 
2004). Studies find that globally, intact ecosystems are being converted at a rate of over 1% per 
year, and global investments in reserve acquisition and management remain inadequate 
(Balmford et al. 2002). This dissertation identifies a few unresolved challenges that plague 
conservation planning programs and evaluation of such programs and uses a variety of economic 
tools to enable conservation agents and policy makers to adopt optimal strategies for achieving 
ecosystem service preservation goals.  
The unifying theme in Chapters 2 and 3 of my dissertation is the central role of risk and 
uncertainty in optimal ecosystem services management decisions. Ando and Hannah (2011) 
highlight the importance of dealing with uncertainty to increase the probability of achieving 
conservation objectives by borrowing well established decision-making strategies from finance 
and economics. This dissertation advances the literature by adapting theories of real options 
analysis and portfolio optimization to ecosystem service management and broadens the scope of 
addressing pressing environmental concerns through use of these techniques. Chapter 4 
addresses a different facet of the conservation planning problem; there is a pressing need for 
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impact evaluation studies that identify and use correct methods for assessing the actual impact of 
a policy intervention on desired conservation outcomes (Ferraro and Pattanayak, 2006). In this 
chapter, I use counterfactual thinking and spatial econometrics to empirically measure the impact 
of land protection on forest degradation within protected areas in Indonesia.  
The second chapter of my dissertation answers two important questions pertaining to 
private land conservation decisions: 1) what is the value to a private landowner of holding the 
option of converting the land from conservation to commercial use at a future date? and 2) what 
is the level of financial incentives required to convince private landowners to give up this option 
of possible future conversion? I model the private land use decision using a real options model 
assuming both the ecological and commercial values of land are stochastic and the conversion 
decision is irreversible. The analytical results from this model are used to derive policy 
instruments that can be used to convince private land owners to forgo the conversion option. I 
illustrate the analytical results with a case study of tropical deforestation where private 
landowners can either conserve forests and earn carbon credits, or convert to palm oil agriculture 
and earn profits from the sale of palm fruit. Comparison of results based on the multiple 
uncertainty model against standard net present value (NPV) and single source uncertainty models 
demonstrates that if two sources of uncertainties are important, policy instruments calculated 
using the latter approaches will be too low because it fails to account for private land owners’ 
option value of waiting. Only when there are low levels of uncertainty in conservation returns 
and/or high discount rates, the payments calculated using the NPV approach will be too high.  
In the third chapter, I develop a tractable approach to manage downside risk that stems 
from climate change induced uncertainties in spatial patterns of future conservation related 
outcomes. Recent work adapts a mean-variance framework from finance to identify efficient 
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risk-reducing diversified conservation portfolios (Ando and Mallory, 2012). However, when 
conservation returns are non-normally distributed or when conservation agents are particularly 
averse to deviations in returns below a target level, tools that minimize variance may fail to 
identify the best risk-reward tradeoffs for managing conservation projects. I use downside risk 
measures to balance the risk-reward tradeoffs involved in optimal conservation planning and 
compare the results against the standard mean-variance approach to identify scenarios in which 
conservation agents would benefit from use of one risk measure rather than the other. Based on a 
case study of the effects of climate change on the potential future status of 147 bird species in the 
eastern United States, this study illustrates the difference in the optimal spatial targeting of bird 
conservation activity and the related conservation outcomes between the two risk measures. 
While the results illustrate significant differences in land portfolio allocations and related 
conservation outcomes when the returns are not multivariate normal, these differences in 
portfolio allocations are prominent for the lower part of the efficient frontier. I find when 
conservation targets are high and there are large differences in expected returns across regions, 
the choice of risk measure is less likely to lead to significant differences in portfolio allocations.  
The fourth chapter of my dissertation assesses the impact of setting aside land for 
protection on forest degradation within protected areas for Indonesia between 2000 and 2010. 
Previous studies have highlighted some of the challenges in evaluating the actual impact of 
protection such as non-random location of protected areas (Ferraro and Pattanayak 2006; Joppa 
and Pfaff 2010). I use a nearest neighbor matching technique that develops a suitable 
counterfactual for each protected area based on time invariant observable characteristics that 
impact both protection and forest degradation decisions. This study also controls for the 
characteristics of neighboring parcels to account for the influence of spatial relationship between 
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parcels on forest degradation decisions. I find that accounting for characteristics of neighboring 
parcels reduces the estimated impact of protection in Sumatra, Kalimantan and Papua but has the 
opposite effect in Java and Sulawesi.  
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CHAPTER 2: DESIGNING POLICIES FOR CONSERVATION UNDER 
MULTIPLE UNCERTAINTIES 
 
2.1 Introduction  
 
Widespread and rapid conversion of private land for agricultural or urban uses has raised 
concerns worldwide over the loss of important ecological services (Millennium Ecosystem 
Assessment 2005a); policy makers seeking to stem the tide of conversion must understand how 
private agents decide whether and when to convert their lands. Conservation preserves the 
natural condition of land, ensuring a steady flow of ecological services for which landowners 
could be paid; conversion provides valuable marketed goods and services but renders the land 
fully or partially unfit for future ecological value. The values of both land use alternatives are 
prone to significant volatility. This paper derives the levels of policy instruments that are 
sufficient to forestall conversion when multiple uncertainties are present, which can guide a wide 
variety of conservation initiatives (such as the internationally administered UN-REDD program 
or nationally managed programs run by Nature Conservancy and the Conservation Fund) in 
designing more effective payment mechanisms to achieve ecological preservation goals. To do 
this, the paper incorporates market-based uncertainties associated with both conservation and 
conversion land-use alternatives into a model of the privately optimal land conversion decision 
using a real options framework. Comparison with net present value (NPV) and single source 
uncertainty models indicates that the presence of a second uncertainty increases the option value 
of delaying conversion, and shows that policies designed with either of the two simpler models 
can be seriously misguided if multiple uncertainties really are present.  
Models of privately optimal land allocation decisions that use standard NPV decision 
frameworks overlook the dynamic nature of market-based returns from competing land use 
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alternatives, and thus do not incorporate features like the irreversibility of conversion options and 
the uncertainties in costs and benefits associated with land use alternatives (Barbier and Burgess, 
1997; Butler et al., 2009). Those simplifications can sometimes alter the decision outcome 
substantially (Dixit, 1992; Dixit and Pindyck, 1994.) Interactions between the uncertainties and 
irreversibility associated with environmental degradation affect optimal policy timing and 
decision (Pindyck, 2000). Hence, dynamic frameworks that address the uncertain and irreversible 
nature of land use choices may better inform conservation agents regarding private land owners’ 
decision making.  
Pindyck (2000) demonstrates how the interactions between the uncertainties and 
irreversibility associated with environmental degradation affect optimal policy timing and 
decision. Conrad (1997) uses the real options framework to determine the option value of the 
Headwaters Forest when there is a choice between conservation and timber harvesting. Reed 
(1993) models the decision to harvest or conserve old growth forest as a stochastic decision 
problem; numerous other studies (Arrow and Fisher, 1974; Henry, 1974; Conrad, 1980; and 
Hanneman, 1989; Abildtrup and Strange, 2000) have also made use of the real options approach 
to weigh the costs and benefits of converting natural habitats for commercial use when there is 
significant uncertainty and irreversibility involved. These papers find that the presence of 
uncertainty and irreversibility create significant value of delaying conversion and keeping one’s 
options open.  
While these studies identify the existence of option value for conservation from the 
perspective of the private landowner, other studies incorporate a variety of policy instruments 
(e.g. subsidies, easement offers, taxes etc.) in a real options framework to better advise social 
planners and conservation agents. Tegene et al. (1999) use a real options framework to derive the 
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value of a conservation easement based on the option value of convertible agricultural land. 
Fackler et al. (2007) determine the willingness of private landowners to accept easements based 
on real options analyses. Guthrie and Kumareswaran (2009) consider the effect of various carbon 
credit payment schemes on deforestation decisions when timber prices are uncertain. These 
studies estimate the level of policy instruments required to induce conservation assuming 
uncertain prices for the conversion option but static prices for the conservation option. They 
suggest that conservation payments that do not consider either uncertainty are currently 
mispriced and that private landowners might be reluctant to engage in permanent conservation at 
the prices offered. 
It is important to consider multiple uncertainties when designing policies to slow land 
conversion rates because the values of the ecological services land owners experience (either 
directly or through payments from outside agents) can vary over time as much as the profits that 
will result from converting land to commercial use (Abadie and Chamorro 2008). Thus, this 
paper advances the literature by analyzing land-conservation policy instruments in a real options 
framework with two sources of uncertainties and irreversibility associated with the private land 
use decision problem. I assume both the ecological and the commercial values of land to a 
landowner are stochastic and the conversion decision is irreversible. The analytical results 
demonstrate that if two sources of uncertainty are important, lump sum transfer and percentage 
subsidies calculated using a standard NPV approach will be too low because the NPV approach 
fails to account for private land owners’ option value of waiting. The only exceptions to this 
finding are when there are low levels of uncertainty in conservation returns and high discount 
rates, in which case payments calculated using the NPV approach will be too high. The value of 
policy instruments obtained using a real options model with a single source of uncertainty are 
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always lower than the values of payments calculated with the model that takes multiple 
uncertainties into account because the option value of holding the option to convert at a future 
date is always higher when both uncertainties are accounted for. 
The model presented in this paper provides general analytical solutions applicable for any 
land use decision where there are two distinct alternatives that have uncertain flow values and 
where one of the alternatives is irreversible. To demonstrate the potential importance of 
considering multiple uncertainties in designing conservation policies, I apply the model to a 
stylized example of tropical deforestation. In this example, private landowners can either 
conserve forests and earn carbon credits or convert to palm oil agriculture and earn profits from 
the sale of palm fruit. Tropical forests provide a wide range of ecosystem services; they are 
crucial in reducing greenhouse gas emissions and are home to numerous threatened species. 
However, today these forests are in the limelight owing to rapid conversion to more profitable 
commercial alternatives such as palm oil agriculture (Venter et al. 2009). 
Previous work (Butler et al., 2008) performed a deterministic cost benefit analysis to 
assess the economic viability of REDD
1
 schemes to reduce carbon emissions from deforestation. 
I use the real options framework to find the level of agricultural returns that would trigger a 
private landowner to convert alternative representative parcel of land when the private returns 
from carbon sequestration and palm oil production are uncertain. My results demonstrate the 
levels of policy instruments required to augment returns to private land owners from 
conservation enough for them to commit to forgoing the conversion alternative.  
 
                                                          
1
 REDD is an initiative of the United Nations designed to address the issue of rapid deforestation in developing 
countries. 
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2.2 Model 
In this section I first develop a baseline model of the private decision about whether to 
convert land (currently in natural state) to commercial use based on a real options framework. 
This model assumes private landowners qualify for some form of payment for ecosystem 
services for choosing a conservation alternative. If the landowner chooses to convert to a 
commercial activity, he earns profits from undertaking such an activity. Then I introduce two 
policy instruments to illustrate how their presence would alter the private land owners’ 
willingness to conserve in perpetuity. 
2.2.1 Conversion Decision 
Consider a risk-neutral landowner with two alternative uses of land: 1) an option to 
conserve (or maintain the land in its natural state) and 2) an irreversible option to convert to 
agricultural use. The conservation option results in an annual return from provision of ecosystem 
services, X, for as many years as the landowner refrains from converting the land; the irreversible 
alternative is to convert to a commercial activity with a net annual profit of Y. Note that 
conservation in our model is not necessarily permanent, and X is institution-specific and may not 
be the same in magnitude or time profile as the social benefits from ecosystem services. For 
example, the benefits to a landowner of carbon sequestration on his land depend on how 
payments for sequestration are structured. 
The value functions, X and Y, are modeled as stochastic flow variables that follow a 
geometric Brownian motion such that: 
X XdX Xdt Xdz            (1) 
Y YdY Ydt Ydz   .         (2) 
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The geometric Brownian motion is a standard assumption used to model stochastic return 
movements in which the percentage changes in the returns are random walks with drifts. In (1) 
and (2), the drift terms are α and β for X and Y, respectively, σx and σy are the standard 
deviations, and dzx  and dzy represent Weiner processes. The continuous-time stochastic 
processes represented by (1) and (2) are known as Ito processes. I further assume that X and Y 
are correlated such that [ , ]X YE    .  
Faced with stochastic value functions and an irreversible conversion option, the private 
landowner’s optimization problem is 
0
( , ) ( ) ( )rt rtV X Y Max E e X t dt e Y t dt




 
 
  
 
 
     (3)
 
subject to Equations (1) and (2).   
I model the problem of the private landowner as an optimal stopping problem (Dixit and 
Pindyck 1994.) The choice variable is , the optimal conversion time, which will be implicitly 
determined by an optimal conversion rule. From time period t = 0 to t = τ , the land is conserved 
and at t = τ, the land is irreversibly converted to a commercial activity. In the objective function, 
r is the discount rate. 
The optimal decision rule for such problems can be expressed in terms of a partition of 
the X-Y space into two regions: one where it is optimal to wait (or continue conservation) and 
another where it is optimal to convert. In the continuation region, the private landowner must 
satisfy the equation  
( , )
( , )
EdV X Y
rV X Y X
dt
 
 .       (4)
 
The equation above is the no arbitrage condition; the term on the left hand side is the rate of 
return from having the option to convert in the future which has to equal the current rate of return 
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from conservation (X) and the rate of change of the expected value of the option over time. 
Using Ito’s Lemma, the no-arbitrage condition can be as a written as a Hamiltonian-
Jacobi-Bellman equation:  
2 2 2 2
( , )
2 2
X XX Y YY
X Y X Y XY
X V Y V
rV X Y X XV YV X YV
 
        
.  (5)
 
This equation captures the relationship between the two state variables, X and Y. Since 
the problem at hand represents a homogeneous structure, I follow Kassar and Lasserre (1994) 
and write the implicit objective function V(X,Y) as a function of ratio of the returns from 
conservation and conversion. I define the ratio of the two land returns at a point in time as  
X
Y
F   and write V(X,Y) as 
( , ) ( )V X Y XG F .         (6) 
Using the definition for F, we convert the partial differential equation in (5) to an ordinary 
differential equation for the unknown function G(F) 
 
2 2 2
2 2
X FF Y FF
F F X Y FF
F XG FYG
rXG X X G FG YG YFG
 
         
. (7) 
Equation 7 has the general solution 
1
( )G F AF
r


 
 . (8)
 
The steps leading up to this general solution are shown in detail in Appendix A. Here,  A is a 
constant and λ is the positive root of the following fundamental quadratic equation (based on 
Ito’s Lemma2): 
2 2
( 1) ( ) ( ) 0
2 2
X Y
X Y r
 
       
 
        
  .                (9) 
                                                          
2
 See Dixit and Pindyck (chapter 3, 1994) for further clarification. 
  
14 
 
The value function can thus be expressed as 
( , )
X
V X Y XAF
r


 
 .
                                            (10) 
The first term on the right hand side of Equation 10, AF , is the value of the option to convert 
to a commercial activity. The second term, 
r
X
, is the expected net present value if the land 
owner conserves forever.  
My goal is to solve for the level of commercial returns, Y
*
, that induces the private 
landowner to convert the land to commercial use (henceforth I refer to Y
*
as the conversion 
trigger). To do this, I solve for the constant, A, and F
*
 using the following value matching and 
smooth pasting conditions: 
X Y
XAF
r r

 
 
 
                  (11) 

 


r
AF
1
)1(                    (12) 
 
( 1) 1AF
r


 

  .                   (13) 
Equation 11 is the value matching condition that requires the private land owner to be indifferent 
between continued conservation and conversion at the optimal conversion time (t = τ). Equations 
12 and 13 are the smooth pasting conditions that require the slope of the value matching 
condition to be equal at the optimal conversion time (t = τ). Note that dividing Equation 11 by X 
and adding Equation 12 yields Equation 13. Thus, I have two independent equations in two 
unknowns, F and A. Using 
X
Y
F   and Equations 12 and 13, I solve for the optimal conversion 
ratio F
*
 and the constant A in terms of λ, α, β, and r: 
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(1 )
*
1 ( )
r F
F and A
r r
 
   
 
  
     
.                          (14) 
I can use the relationship, 
X
Y
F
*
*  , to solve for the conversion trigger Y*: 
* ( )
1
r
Y X t
r
 
 
 
  
   .                 (15)
 
The private landowner will compare Y , the current returns from the commercial activity 
to Y
*
. If Y < Y
*
, then it is optimal to continue with conservation; alternatively, when Y ≥ Y
*
, it is 
optimal to convert to a commercial activity. I illustrate Y
*
 in X-Y space using a parameterized 
example in the next section. Y
* 
acts as a boundary that divides the X-Y space into two regions: the 
region to the left of the boundary represents the conversion region whereas the region to the right 
of the boundary represents the continuation (or conservation) region.  
Based on these two regions, the value of the land
3
 can be expressed as 
*
*
( , )
X
XAF if Y Y
r
V X Y
Y
if Y Y
r




  
 
 
  .               (16)
 
In the continuation region (Y < Y
*
), the value of the land is equal to the option value of 
conversion plus the present value of perpetuity of returns from conservation. In the conversion 
region (Y ≥ Y*), there is no longer an option value and the value of the land is simply equal to the 
present value of perpetuity of returns from the conversion activity. 
A more standard approach used to estimate the privately optimal conversion time is the 
NPV decision rule. This approach assumes that the conservation and conversion values of the 
land increase according to their drift rates α and β but ignores stochasticity in the evolution of 
                                                          
3
 Based on the idea presented in Fackler et al (2007) 
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those returns. Based on the NPV rule, a private landowner would find it optimal to convert to 
commercial activity when 
0 0
( ) ( )rt rte Y t dt e X t dt
 
   .          (17) 
Evaluating the above expression, the private land owner would choose to convert to 
commercial use when 
*( ) ( ) NPV
r
Y t X t Y
r



 

.        (18) 
The NPV rule ignores the option value of waiting and calls for an earlier conversion outcome 
relative to that calculated with the real options framework under multiple uncertainties.
4
 
Comparative statics results for the effect of different parameters on the value of Y
* 
are 
presented in Table 1. An increase in the drift rate for conservation (α) indicates a faster growth 
rate in returns from keeping land in a natural state and signals the possibility of greater profits 
from conservation in the future; thus, the value of commercial returns needed to induce 
conversion goes up. Conversely, an increase in the drift rate for conversion returns (β) reduces 
the private landowner’s option value of waiting and lowers the level of current commercial 
returns that induce conversion. Any increase in uncertainty (σX or σY) increases the trigger level 
of commercial returns by increasing the option value of waiting; this echoes intuition from 
standard theory in finance where increased uncertainty increases the option value of investment. 
A higher discount rate (r) lowers Y
*  
because the land owner values current profits more than 
future profits and is less interested in any option value associated with future conditions. An 
increase in the value of the correlation coefficient (ρ) between the two returns processes lowers 
Y
*
;  intuitively, as we move towards perfect positive correlation, the two sources of uncertainty 
                                                          
4
 We know 
1
0   because λ is a positive root of the fundamental quadratic equation greater than 1. 
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reduce to just one and the option value of refraining from irreversible conversion declines.  
2.2.2 Policy Instruments 
Application of option theory provides insights for conservation groups and policy makers 
into the value of the assets held by private land owners who may consider converting their lands 
in the future. Conservation agents can use this information to identify specific policies that are 
capable of preventing land conversion. I consider two types of policy instruments: a lump sum 
financial payment, P, and a variable percentage subsidy on the annual flow of private benefits 
from conservation, ϕ. 
Analogous to the optimal easement offer in Fackler et al (2007), the lump sum offer, P, 
will be accepted if P
r
X
YXV 



),( , i.e. if the current value of land (including the 
conversion option) is worth less than the current value from conservation plus the lump sum 
payment. In order to persuade the private land owner to forgo conversion and to conserve the 
land forever, the social planner would have to offer 
P XAF 
.          (19) 
Similarly, a percentage subsidy,  , will be accepted if  





r
X
YXV
)1(
),(  , i.e. if the 
current value of land (including the conversion option) is worth less than the current use value 
plus the value from the subsidy. Thus, the private land owner will be willing to forgo the 
conversion alternative and conserve the land forever if 
( )AF r   .          (20)
 
If I ignore stochasticities and use the standard NPV approach to policy analysis, I would 
find that the minimum lump sum payment (PNPV) and minimum variable subsidy (ϕNPV) required 
to motivate a private landowner to forgo the conversion option are
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( )
1
( )
NPV NPV
Y X Y r
P and
r r X r


  

   
    .     (21)
 
        
I also evaluate PS and ϕS , the minimum lump sum payment and the minimum variable 
subsidy that would be sufficient to forestall conversion when only conversion returns are 
uncertain. I evaluate the size of those payments by using the real options model as presented in 
Equation 3 while assuming that returns to conservation change deterministically over time 
through a change in the drift term, α.5 The results are: 
( )S S
S SS S S S
P XA F and A F r
 
   
.      (22) 
Here, λs  is the positive root of the following fundamental equation: 
2
( 1) 0;
2
Y r

  
 
    
 
        (23) 
while SA  and SF are: 
(1 )
*
1 ( )
S
S
S S
S
S S
Fr
F and A
r r
 
  
 
  
    
. 
    (24) 
Comparative statics for lump sum payments (P, PNPV, and PS) and variable subsidies  
(ϕ, ϕNPV, and ϕS) are presented in Table 2. First, I consider the determinants of required payments 
if multiple uncertainties are correctly taken into account. Not surprisingly, increasing the drift 
rate of conversion returns (β) increases the size of payments – lump sum and percentage subsidy 
– needed to secure conservation because high conversion returns increase the opportunity cost of 
conservation. It is also true, however, that an increase in the drift rate of conservation returns (α) 
increases the minimum level of lump sum transfer; this reflects the increase in the option value 
of land that the private landowner must now be compensated for to induce permanent 
conservation and forgo the option to convert at a future date. In contrast, the variable subsidy 
                                                          
5
 We assume σx = ρ = 0. 
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decreases with an increase in the drift rate of conservation (α); the increasing trend in 
conservation returns requires a lower percentage payment from the policy instrument, even 
though the absolute level of payments will be higher.  
An increase in the uncertainty in both returns (σX or σY) increases the option value of 
waiting and requires a higher payment to induce the private land owner to forgo the conversion 
option. Payments fall with the size of the discount rate, r, (as current payments can more readily 
overshadow concerns about future returns) and with an increase in the correlation coefficient, ρ, 
(as that parameter increases, the effective number of uncertainties goes from two to one and the 
option value of land falls). 
Policy instruments based on a single source uncertainty model have similar comparative 
statics to those developed with the multiple uncertainty model; however, they do not change in 
response to changes in the uncertainty of conservation returns or the correlation coefficient that 
measures the extent to which the two returns processes move together. Policy instruments based 
on the NPV approach do not respond to changes in the uncertainty of either of the returns 
processes or the correlation between them. That model just indicates that payments needed to 
convince landowners to forego conversion must be larger when conversion returns are increasing 
more quickly and smaller when conservation returns are rising rapidly or when the interest rate is 
high. Note that the effect of the conservation drift rate on estimated minimum lump sum payment 
has the opposite sign here from that in the two option-value models because the NPV model does 
account for option value.  
The comparative statics alone indicate that payment calculations performed with either 
the NPV model or the single-source uncertainty model may be very different than the correct 
payments if multiple uncertainties play important roles in landowners’ conversion decisions. I 
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illustrate the differences graphically using a parameterized example in the next section.  
2.3 Parameterized Example 
The alarming rate of tropical deforestation makes it a timely case study for a numerical 
application of the above analytical results. Conversion to palm oil agriculture is one of the 
leading causes of rapid deforestation in countries such as Indonesia and Malaysia. This raises 
concerns of large scale losses in ecological services such as carbon sequestration, species habitat 
provision, and provision of potable water. In this application, I do not study normative aspects of 
land conservation but rather conduct a positive analysis of the privately optimal land use 
decision. The above analytical model is parameterized using palm oil and carbon sequestration 
data in order to explicitly solve for the privately optimal conversion rule as well as the lump sum 
and variable subsidy, P  and  , needed if a policy maker wants to preclude conversion. 
I assume the private landowner earns carbon credits on a recurring (equal-weighted 
instead of a one-time up-front payment) and perpetual basis
6
 for the amount of carbon that 
remains sequestered due to ongoing conservation. The possibility of earning carbon credits for 
conservation of forests in developing countries falls under the REDD (Reduce Emissions from 
Deforestation and Forest Degradation) program, an initiative of the United Nations that is 
currently under consideration. The international community is still discussing the exact offerings 
(under a REDD contract) to governments of developing nations to be used as incentives to 
reduce deforestation. The contract can be an outright financial payment and/or issuance of 
carbon credits for the relevant amount of carbon sequestration. Using analytical results from the 
general model I generate numerical simulations where the uncertainty in ecological value is 
based on stochastic benefits from carbon sequestration and the uncertainty in commercial value 
                                                          
6
 The assumption of perpetual equal-weighted carbon credits is based on possibly recurring contracts that institutions 
like REDD may sign with private landowners in order to ensure ongoing conservation. 
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is based on the stochastic net returns from palm oil agriculture. 
2.3.1 Data and Parameter Estimation 
The data for palm oil agriculture is obtained from Malaysia Palm Oil Board (from 1973 
to 2008). The results and analysis presented in this section are based on this representative 
hectare of land. I do not estimate the effects of variation in land and owner characteristics such as 
the type of land and its effect on carbon sequestration and palm oil agriculture and the private 
landowner’s personal value from conservation. Thus, the specific results presented in this paper 
are not likely to apply to all parcels of land. For example, personal preferences in favor of land 
conservation will lower the private benefits from conversion and increase the conversion trigger, 
Y
*. 
Nonetheless, the results demonstrate how the private benefits from a typical hectare of land in 
Malaysia will govern land use decisions when future benefits from carbon sequestration and 
palm oil agriculture are uncertain and the decision to convert to palm oil agriculture is 
irreversible.  
The annual average returns per hectare from palm oil agriculture is equal to the average 
value of production (yield per hectare in tons multiplied by price per ton) less the operating cost 
of production. The Malaysia Palm Oil Board does not provide actual operating cost figures so we 
assume an average operating cost of 30% of revenue (Koh and Wilcove, 2007). The non-
stationarity in palm oil returns is a function of the volatility in the prices as shown in Figure 1a. 
To estimate the drift and variance parameters, I discretize the returns from palm oil, 
2
1ln ln ( )
2
Y
t t YY Y

                                            (25) 
and use the maximum likelihood estimates of ˆ  and ˆ  to derive the drift rate and standard 
deviation of the series 1ln lnt tY Y   . Using the palm oil data, the estimates for the drift rate and 
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variance are 0.05 and 0.28, respectively. 
 Estimates for carbon price movements are based on Abadie and Chamorro (2008). They 
estimate 0.03 and 0.47 as the drift and variance of carbon emission allowance price based on data 
obtained from the European Climate Exchange. Figure 1b illustrates the fluctuations in carbon 
futures prices (adapted from Abadie and Chamorro, 2008). I assume an annual constant carbon 
emission avoided (due to conservation) of 18.2 tons CO2 per hectare (Butler et al. 2009). In the 
absence of actual estimates for the correlation between carbon sequestration returns and palm oil 
returns, we assume a negative correlation coefficient of -0.1; a sensitivity analysis of that 
parameter is given in Appendix B.  Table 3 below summarizes the parameters used in the 
analysis.  
2.3.2 Parameterized Example Results 
 All three models indicate immediate conversion to palm oil agriculture as the privately 
optimal decision for the given representative hectare of land. Based on the multiple uncertainties 
framework, the conversion trigger, Y
*
, is $1335. The level of conversion returns that triggers 
conversion is lower under the other two models; for the single source uncertainty model, the 
trigger is $610 and for the NPV model it is $178. If conversion returns rise above the trigger, it is 
optimal for the owner to convert.  
Figure 2 illustrates a key insight of the real options approach. Incorporating uncertainty 
and irreversibility in the decision making process of the private landowner results in a higher 
conversion trigger relative to the net present value approach, and this trigger  is higher for the 
multiple uncertainty model than the single source uncertainty model. The difference between the 
NPV conversion boundary and the boundary for an uncertainty model represents the option value 
of waiting for uncertainty to resolve; that option value is significantly higher when there are two 
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sources of uncertainty rather than one. 
Figures 3 and 4 provide graphical illustrations of the comparative static results in Table 1.  
For the multiple-uncertainties model, the conversion trigger rises with increases in the drift rate 
of conservation returns and both return variances, and falls with the drift rate of conversion 
returns, the discount rate, and the extent to which the two returns are correlated.  Estimated 
values of Y
*
 are always lower if one uses either of the two simpler models because those models 
do not capture the full option value observed in Figure 2.
7
   
The differences in the conversion triggers estimated for the three models increase 
dramatically with the drift rate for conservation returns and the uncertainties in conservation and 
conversion returns that are neglected by the simpler models. The relative difference in the 
conversion triggers in the multiple-source and single source uncertainty models increases to 
158% and 510% for high values of drift rate and uncertainty from conservation returns, 
respectively. These findings show that not accounting for the expected trend and uncertainty for 
conservation returns (especially when they are high) in the single source uncertainty model 
drastically affects the estimation of the conversion returns that induce conversion and results in 
underestimation of the option value. The variation in the trigger returns is even more pronounced 
between the multiple-source and NPV model. If I do not account for the uncertainties from 
conservation and conversion returns, the conversion return that induces a landowner to convert is 
almost 20 times lower when the uncertainties in both returns are high. The differences in 
conversion triggers are less pronounced with increases in the discount rate and in the correlation 
coefficient between conservation and conversion returns (both of which reduce the importance of 
option values).  
                                                          
7
 For higher deviations in conversion returns and high positive correlation between the two returns, we find the 
conversion trigger is higher under the single source uncertainty model than the multiple real options and the NPV 
models. These results are shown in Appendix B. 
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To motivate private landowners to forgo conversion, conservation agents may choose to 
augment the benefits to landowners of conservation with policy instruments. Figures 5 and 6 
illustrate graphically the comparative statics results for the level of lump-sum payments 
summarized in Table 2, and quantify the differences between the three models for plausible 
parameter values.
8
  
In general, the size of payments calculated using a single source uncertainty model are 
much lower than what is actually necessary to induce landowners to commit to permanent 
conservation if landowners care about multiple uncertainties.
9
 This absolute difference in the 
sizes of payments between the single- and multiple-uncertainty models generally decreases with 
the discount rate and correlation coefficient but increases with the drift rates and uncertainties.
10
 
For higher values of drift rates from both returns, the optimal lump sum subsidy is approximately 
150% larger under the multiple-uncertainties model than the single uncertainty model. Since the 
single source uncertainty model already accounts for the uncertainty in conversion returns, the 
difference between the two models is constant for all levels of uncertainty in conversion returns. 
However, the absence of the uncertainty in conservation returns in the single source uncertainty 
model results in a significant difference between the two models (larger than 700%) at higher 
levels. The NPV model can either under- or over-estimate the level of payment required to 
induce landowners to forgo conversion when multiple uncertainties are actually important. For 
example, the NPV model overestimates the level of lump sum transfer by 112% and 26% when 
                                                          
8
 The difference in the trends of the level of variable subsidy is similar to the differences in trends in the lump sum 
payments. The results are illustrated graphically in Appendix C. 
9
 For higher deviations in conversion returns and high positive correlation between the two returns, we find the 
optimal lump sum transfer is higher under the single source uncertainty model than the multiple real options and the 
NPV models. These results are shown in Appendix B. 
10 The one exception to that finding is in the effect of conservation returns on the variable subsidy percentage, where 
the policy estimated by the single-uncertainty model is always about the same amount lower than the subsidy called 
for by the multiple-uncertainty model. 
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the expected trend and uncertainty in conservation returns are relatively low; the NPV model 
also overestimates the lump sum transfer by 64% when the discount rate is relatively high. When 
the expected trend in conservation returns is low, the difference in the discounted returns from 
conversion and conservation under an NPV model are relatively large. Similarly, higher discount 
rates coupled with relatively larger current returns from conversion result in overestimation of 
the lump sum transfer required under an NPV model. Alternatively, the NPV model 
underestimates the lump sum transfer by 550% and 300% when the drift rate and uncertainty in 
conversion returns (respectively) are relatively high.  
2.4 Conclusion 
Land conversion to profitable commercial uses threatens many ecosystem services. While 
national and international policy initiatives have long been targeting this problem, they have 
often employed standard models to analyze private landowners’ decision making processes that 
do not accurately capture the stochastic nature of profits that govern land use alternatives. Even 
real-options models that incorporate only a single uncertainty in the profitability of conversion 
may not accurately capture all the factors that govern private land conversion decisions. This 
paper builds upon previous papers that use a real options framework by incorporating two 
sources of uncertainty into the model of private land owners’ decision making process. It finds 
and illustrates substantial differences in privately optimal conversion triggers and the optimal 
level of policy instruments that are calculated by models that account for two, one, or no sources 
of uncertainty in landowner decision making.  
The analytical results unravel key insights regarding factors that drive private 
landowners’ conversion decision. Large fluctuations in the returns of both conservation and 
conversion increase the option value of holding the land in unconverted status, causing private 
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landowners to require a higher payment for relinquishing the conversion alternative. This is 
consistent with prevalent results in the finance literature that find option prices increase with an 
increase in the uncertainty in the underlying asset.  
Incorporating policy instruments into the real options model reveals that standard 
methods for calculating values of policy instruments such as lump sum payments and variable 
percentage subsidies may yield miscalculations, and either fail to motivate private land owners to 
consider undertaking permanent conservation or result in overpayments for conservation. The 
paper also highlights the relationship between the individual parameters in the model and the 
policy instruments based on relationships between these parameters and the option value.  
Parameters that tend to increase the option value increase the level of subsidy required by private 
landowners and vice versa. Policy makers should be especially careful and consider using the 
more comprehensive multiple source uncertainty model when there is an expected positive trend 
in the payments for conservation and when there is significant volatility in the returns from both 
land use alternatives. When private landowners place significant value in the future stream of 
returns from land use choices, the value they derive from holding the option to convert in the 
future increases; again, this necessitates the use of a real options approach where both sources of 
uncertainty are accounted for to properly value the future stream of payments.  
This study provides an alternative way of looking at the private landowner decision 
making process that recognizes the multiple sources of uncertainties associated with recurring 
benefits from two competing land uses: conservation and conversion. While standard net present 
value techniques have become a norm for evaluating a wide variety of investment decisions, the 
uncertainty and irreversibility associated with land use decisions warrant the use of a dynamic 
optimization framework to avoid making policy choices that are either highly ineffective or 
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much too costly.  
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2.6 Figures and Tables 
Figure 1: Variation in Carbon Futures and Palm Prices 
  
 
 
 
 
 
Source: Abadie and Chamorro (2008). 
         Panel a: Average Price of Palm Oil                            Panel b: Carbon Futures Price 
 
 
Figure 2: Conversion Boundary and Option Value of Conversion 
 
 
Note: The difference between the multiple uncertainty model boundary and the NPV model 
boundary is the option value of converting for the multiple uncertainty model; similarly, the 
difference between the single source uncertainty model boundary and the NPV model boundary 
is the option value of converting for the single source uncertainty model. 
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Figure 3: Effects of Changes in Drift Rates and Standard Deviations 
on Conversion Trigger  
 
 
  
            Panel (a)                                                Panel (b)
 
 
 
 
 
 
Panel (c)      Panel (d)
 
Legend 
 
 
Note: Figures indicate the effects on the conversion triggers (levels of conversion returns above 
which it is optimal for landowner to convert) of changes in the drift rates,  and , and standard 
deviation, σx and σy, while other parameters are held constant (values as indicated in Table 3).  
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Figure 4: Effect of Changes in Correlation Coefficient and Discount Rate  
on Conversion Trigger 
 
 
Panel (a) 
 
Panel (b) 
 
Legend 
 
 
Note: Figures indicate the effects on the conversion triggers (levels of conversion returns above 
which it is optimal for landowner to convert) of changes in the correlation coefficient and 
discount rate, ρ and r, while other parameters are held constant (values as indicated in Table 3). 
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Figure 5: Effect of Changes in Drift Rates and Standard Deviations 
on Lump Sum Transfer 
 
  
Panel (a)      Panel (b) 
 
Panel (c) 
 
Panel (d) 
 
Legend 
 
Note: Figures indicate the effects on the lump sum transfer from changes in the drift rates and 
std. deviations in conservation and conversion returns, α, β, σX, and σY , while other parameters 
are held constant (values as indicated in Table 3).  
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Figure 6: Effect of Changes in Discount Rate and Correlation Coefficient  
on Lump-Sum Transfer 
 
 
 
 
 
 
 
 
 
 
Panel (a) 
 
Panel (b) 
 
Legend 
 
Note: Figures indicate the effects on the lump sum transfer of changes in the correlation 
coefficient and discount rate, ρ and r, while other parameters are held constant (values as 
indicated in Table 3).  
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Table 1: Comparative Statics for Conversion Trigger 
 
Parameter Impact on *Y  
α + 
β - 
σx
 + 
σy
 + 
r - 
ρ - 
 
Note: These results are for the option-value model with multiple uncertainties.  
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Table 2: Comparative Statics for Effects of Parameter Changes on Policies 
 
Parameter Effect on Lump Sum Payment Effect on Percentage Subsidy 
P 
a 
PS
 b
 
PNPV
 c
 
ϕ
 a  ϕS
  b
 
ϕNPV
 c
 
α + + - - - - 
β + + + + + + 
σx + 0 0 + 0 0 
σy + + 0 + + 0 
r  - - - - - - 
ρ - 0 0 - 0 0 
 
a
 Policy calculated with the multiple-uncertainties model. 
b
 Policy calculated with the single-uncertainty model. 
c
 Policy calculated with the net-present-value model. 
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Table 3: Parameters for Case Study Application 
 
Parameter Value 
Carbon credit returns – drift rate (α) .03 
Carbon credit returns – std. deviation (σx) .47 
Palm oil returns – drift rate (β) .05 
Palm oil returns – std. deviation (σy) .28
 
Correlation coefficient (ρ) 0.1  
Discount rate (r) 0.08  
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CHAPTER 3: DOWNSIDE VS. SYMMETRIC RISK IN CONSERVATION 
PORTFOLIO DESIGN TO MANAGE CLIMATE-CHANGE 
UNCERTAINTY 
 
3.1 Introduction 
Systematic conservation planning is often plagued with spatial variation in future 
conservation related outcomes from uncertainty in key economic and environmental factors. 
Numerous studies have used tools to allocate scarce financial resources towards optimal 
selection of conservation reserve sites (Pressey 1999; Ando et al. 2008 and Wilson et al. 2006) 
but those approaches are not designed to manage uncertainty. Recent work adapts a mean-
variance framework from finance to identify efficient risk-reducing diversified conservation 
portfolios (Ando and Mallory 2012a). However, when conservation returns are non-normally 
distributed or when conservation agents are particularly averse to deviations below a benchmark 
return, tools that minimize variance may fail to identify the best risk-reward tradeoffs for 
managing conservation projects (Dunkel and Weber 2012; Ando and Mallory 2012b). This paper 
responds to the challenges raised by earlier work by developing a tractable approach to managing 
downside risk in future conservation outcomes and answering several key questions related to 
that approach: when is it important for analysts to use one risk measure rather than the other, and 
how do conservation decisions (and outcomes) change as a result of managing downside instead 
of symmetric risk? 
Markowitz’s (1952) mean-variance approach can help agents manage uncertainty by 
diversifying across asset types to select a portfolio of assets that maximizes utility. The use of 
variance is an appropriate measure of risk for settings in which 1) returns are normally 
distributed and 2) investors are risk averse with quadratic utility functions (Tsiang 1974; Estrada 
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2007). However, variance cannot detect the skewness in distributions when returns follow non-
normal patterns because it assumes both upside and downside deviations are equally undesirable; 
similarly, variance will misrepresent the risk for an investor that is only concerned with under-
performance of a portfolio because it will also penalize any deviation in returns above the mean 
or a specific target return (Ferguson and Rom 1994).  In such cases, conservation agents may 
benefit from using downside risk measures to identify efficient land portfolio allocation 
strategies (Roy 1952; Harlow 1991).  
Several risk measures exist that can be used to assess efficient portfolio allocations with 
the objective of minimizing downside risk. Value at Risk (VaR) and Conditional Value at Risk 
(CVaR) are two popular tail risk measures with a long presence in the finance literature. These 
measures have strong intuitive appeal but large data requirements make their use difficult for 
studying spatial conservation targeting problems. I use a downside risk measure known as lower 
partial moments that is a measure of the deviations in returns below a specified reference rate 
(Fishburn 1977). I evaluate mean-variance and mean-lower partial moment portfolio allocation 
decisions using a case study of the current and potential future status of 147 bird species in the 
eastern United States (Mathews et al. 2011). My results illustrate the difference in the optimal 
spatial targeting of bird conservation activity in this region subject to uncertain climate scenarios 
based on mean-variance and mean-downside risk portfolio selection models.  
This paper advances the use of portfolio allocation strategies in conservation planning 
decisions in several ways. I look at the return distributions associated with specific conservation 
activities and identify when it is most important to use a particular measure of risk in selecting 
conservation reserves. I incorporate the use of downside risk measures such as semi-variance in 
optimal spatial targeting of conservation activity to accommodate non-normal returns 
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distributions and investor averseness to the probability of a loss below a certain threshold. I 
develop a computationally tractable method for using optimization algorithm that is intuitively 
similar to the mean-variance framework to solve the mean-downside risk framework based on 
previous work in the finance literature. The study illustrates a portfolio allocation framework that 
identifies allocations that are a subset of stochastically dominant portfolios. Finally, I highlight 
the advantages and disadvantages of using different risk measures to evaluate optimal land 
conservation portfolio in the presence of skewed environmental outcomes under uncertain 
scenarios. 
3.2 Literature Review 
Systematic conservation planning helps identify conservation reserves and networks, 
often at a wide range of spatial scales, to protect the most suitable areas for realization of specific 
conservation goals. This literature has evolved considerably with the identification of a variety of 
reserve selection algorithms that exploit information about the current spatial distributions of 
conservation related outcomes to identify economically efficient strategies for conservation 
planning (Ando et al., 1998; Balmford et al., 2000; Polasky et al., 2001; Moore et al., 2004; 
Nicholson et al., 2006; Naidoo and Iwamura, 2007; Nelson, 2007). However, spatial 
uncertainties in conservation related outcomes resulting from a wide range of environmental (e.g. 
species survivor possibility, climate change uncertainty) and/or economic (e.g. future price of 
land, possibility of conversion) factors raise new challenges for systematic conservation 
planning. If conservation planners want to minimize the chances of large unanticipated losses, 
they have to deal explicitly with this spatial uncertainty.  Studies show that explicitly 
incorporating uncertainty in conservation planning tools can lead to different management and 
conservation decisions (Harwood & Stokes 2003; Doyen and Bene 2003; Lande et al. 2003; 
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McCarthy et al. 2005; Regan et al. 2002b, 2005; Grafton et al. 2005). Studies have also 
systematically decreased the risk that stems from uncertain environmental outcomes through use 
of mean-variance portfolio analyses (Markowitz 1959). Much previous work has applied 
efficient portfolio analysis to study conservation problems with uncertain species or populations 
outcomes (Figge 2004; Koellner and Schmitz 2006; Moore et al. 2010; Schloss et al. 2011). 
Ando and Mallory (2012) use the mean-variance approach to find optimal allocations of 
conservation activity across sub-regions of a landscape to minimize uncertainty pertaining to 
conservation benefits/losses associated with climate change given expected levels of benefits. 
These studies measure the risk that arises from the environmental uncertainties using variance, 
which weighs both upside and downside deviations from the mean as symmetrically undesirable. 
Variance may be the preferred measure of risk for large investors such as government 
agencies who have symmetric preferences around the status quo. However, it is equally likely 
that investors are averse to below-target return dispersions. Behavioral models of decision-
making under risk and uncertainty illustrate that people are often more sensitive about the 
possibility of losing a certain amount of wealth than they are about the possibility of gaining the 
same wealth (Kahneman and Tversky 1979; Tversky and Kahneman 1992; Rabin 2000; 
Novemsky and Kahneman 2005).  Thus, while a conservation agent that dislikes volatility in 
general would be able to identify optimal conservation portfolios using a mean-variance 
framework, a conservation agent that is averse to below-target returns can achieve a more 
attractive risk-return tradeoff using a suitable downside risk measure to construct an optimal 
portfolio of conservation activity.  
A variety of downside risk measures can be used to evaluate portfolio allocation 
decisions when investors view “risk as the probability of shortfall below some benchmark level 
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of return” (Harlow 1991). One such measure with a wide presence in the finance literature is 
VaR (Campbell et al., 2001; Alexander and Baptista 2002). VaR measures the worst expected 
loss given a certain confidence level and time horizon. For example, a portfolio with a VaR of 
$1000, a confidence level of 5%, and a time horizon of one month indicates that the probability 
of a portfolio loss greater than $1000 in one month is less than 5%. Artzner et al. (1999) illustrate 
that VaR is not a coherent risk measure
11
 because it violates the axiom of sub-additivity and may 
discourage portfolio diversification.
12
 VaR’s limitations led to an improved measure of shortfall 
risk known as CVaR or expected shortfall. CVaR is a measure of the expected loss of a portfolio 
when the loss is larger than a threshold value. CVaR is both a coherent and a convex measure of 
risk (Rockafellar and Uryasev 2000; Bertsimas et al. 2004). However, computational difficulties 
and large data requirements make its use difficult. Intuitively, CVaR is the expected value of 
observations in the lower A% of the distribution, where A is often a small number between one 
and ten. This is a challenge when working with variation in conservation outcomes under 
uncertain climate change scenarios where the number of observations is small. 
Another popular downside risk measure that encompasses a broad range of investor risk 
preferences is lower partial moments (Bawa 1975; Fishburn 1977; Nawrocki 1991, 1992 and 
1999). Lower partial moments are a measure of the shape of the returns distribution below a 
certain threshold. As shown in Harlow (1991), the LPMn for a discrete distribution with returns, 
Rp, and a reference rate of return, τ, is described as, 
      ∑   
 
           
 ,             (1) 
                                                          
11
 See Artzner et al. (1999) for more details on the four axioms of coherence. 
12
 Portfolio diversification may produce an increase in overall portfolio risk when the risk measure does not satisfy 
the axiom of sub–additivity. 
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where  pp  is the probability that return, Rp, occurs and the degree of LPM, n, is a direct measure 
of the magnitude of investor risk aversion. A value of n < 1 implies risk-seeking behavior, 
whereas any value of n ≥ 1 represents risk-averse behavior. A higher n represents greater 
investor risk aversion because large values of n will penalize deviations more than small values 
(Fishburn 1977). When n = 1, Equation 1 represents the expected deviation in returns below the 
reference rate. For n = 2, the lower partial moment measures the squared deviation below the 
reference level and is similar to the variance. A special case of the lower partial moment is the 
semi-variance, where n = 2 and the reference rate is set to the mean return. 
Apart from accommodating a wider range of investor risk preferences and non-normal 
distributions, second degree lower partial moments are also consistent with first order and second 
order stochastic dominance rules while variance is only consistent with first order stochastic 
dominance rules (Bawa 1975, 1978; Bawa and Lindenberg 1977). Stochastic dominance is a 
powerful risk analysis tool (Porter et al.1973) that uses the cumulative probability distribution of 
an investment to determine if one investment is superior to another. As shown in Ogryczak and 
Ruszczynski (1999),  the kth degree stochastic dominance of an asset X over asset Y is 
determined by comparing the kth right continuous cumulative distribution function,   
  such that, 
          
       
     for all                 (2) 
While stochastic dominance rules can be used to evaluate risk-reward tradeoffs for all 
probability distributions and include all possible risk-averse utility assumptions, it is 
computationally difficult to derive optimal portfolio allocations based on these rules (Ogryczak 
and Ruszczynski, 1999). Hence, mean-risk approaches that are consistent with stochastic 
dominance rules are preferred. Porter (1974) illustrates the existence of greater empirical 
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consistency between stochastic dominance and mean-semi-variance portfolios than between 
stochastic dominance and mean-variance portfolios. Empirical studies indicate that mean-
variance portfolio rules often include some low return, low variance allocations that would have 
been eliminated by stochastic dominance rules (Porter and Gaumnitz 1972, and Joy and Porter 
1974). Thus, portfolio allocations based on mean-variance frameworks are not considered to be a 
subset of stochastically dominant portfolios whereas mean-downside risk portfolios based on 
second degree lower partial moments are considered a subset of such portfolios.  
3.3 Methods 
I consider a conservation agent’s problem of allocating available conservation dollars to 
an area of significant conservation importance that is divided into N sub-regions. There are 
benefits associated with each sub-region, i, denoted as Bi. The benefits, Bi, are subject to some 
uncertainty which poses a risk for the conservation agent. The conservation agent’s objective is 
to allocate funds across these N sub-regions in order to minimize the risk associated with the 
returns from this portfolio of conservation activities for a given level of desired conservation 
benefits. Below I define mean-variance and mean-semi-variance portfolio optimization 
frameworks to identify efficient portfolio allocation of conservation activity across the N sub-
regions. 
In one set of analyses, I derive optimal portfolios using the mean-variance framework 
(Ando and Mallory, 2012a), 
          subject to  ∑             for all i, and   
                 (3) 
In the above equation,       represents the portfolio risk where ω is a vector of 
portfolio weights for each region and Σ is the variance-covariance matrix. The three constraints 
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ensure that the expected value of the portfolio, the full amount set aside for conservation is 
invested (portfolio weights add up to one);   , is equal to a target return, rp; and there is no 
short selling (optimal portfolio weights are all greater than or equal to zero). 
In other analyses, I replace variance with semi-variance as a measure of risk. I define the 
risk associated with benefits Bi in each sub-region using a second degree lower partial moment 
(LPM2): 
     
 
 
∑ [              
 ]    .              (4) 
This is the LPM2 for a single sub-region, i, with a reference rate, R. The reference rate is 
arbitrary and can vary based on investor preferences. It acts as a cut-off rate such that any 
conservation benefit below this rate represents a loss and any benefit above this rate represents a 
gain in overall conservation activity.  Abdellaoui et al. (2007) find that an individual’s perception 
of losses and gains associated with an outcome is a relative measure, based on being greater or 
less than a reference point.  I consider individual regional expected benefits as the reference rate 
in this study; when the reference rate is set at the expected level of benefits, R = μi, Equation 4 
represents the semi-variance of asset i. 
To identify an optimal portfolio of returns, I need a statistic that captures the co-
movements in deviations away from this target return between sub-regions, CLPM. As defined 
in Scherer (2007), the CLPM of region i with region j is, 
        ∑       (    )   
 
   ;                         (5) 
where dit =1 when asset i is below R. Similarly, the CLPM of the return on asset j with asset i is, 
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        ∑ (    )         
 
                                  (6) 
Here, djt=1 when asset j is below R. In general, dit  ≠ djt,  because it is not necessary that the two 
returns are simultaneously below the reference rate, R; thus CLPM is not symmetric. To arrive at 
a symmetric CLPM matrix, I use the following definition (Nawrocki 1991): 
        [        ]
   
[    ],                    (7)         
where  ρi,j   is the correlation coefficient between two regions.  
Equation 4 allows me to define the total downside risk of a portfolio of assets, P, as 
       ∑ ∑   
 
   
 
           
    ;             (8) 
where ω is a vector of sub-region weights and L is a matrix of co-lower partial moments in 
conservation benefits between two regions, 
  [
              
   
              
].               (9) 
The portfolio optimization problem is then similar to the modern portfolio theory 
framework: 
      
    subject to ∑        
 
       for all i and 
     .         (10) 
I use semi-variance which is a special case of the lower partial moment with degree two. 
However, higher degrees of lower partial moments can be used to accommodate larger risk 
aversion. In particular, conservation planners dealing with settings for ecosystem services which 
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are unique and at risk of extinction may want to use a higher degree of lower partial moment to 
determine the optimal portfolio allocation.  
3.4 Data 
I carry out a case study of the eastern United States where there is widespread concern 
over potential shifts in prime habitats for birds due to climate change (Matthews et al. 2011). 
Data from Northern Research Services assesses the current and potential future status of 147 bird 
species in the eastern United States. Mathews et al. (2011) use Breeding Bird Survey data to 
generate models of suitable habitat for each species. The future species’ habitat is modeled for 
three climate models: HADCM3, PCM and GFDL, and two emissions scenarios: A1FI (high) 
and B1 (low). A1F1 (high) represents a scenario with little conservation efforts to mitigate CO2 
emissions and B1 (low) represents a scenario with significant CO2 mitigation. In all I have seven 
outlooks for the area-weighted incidence of the 147 bird species for five regions in the eastern 
United States: South East, South Central, Great Plains, North Central and North East, as shown 
in Figure 7. These five regions represent different assets that can be combined to form efficient 
portfolios of conservation activity. In the context of this study, a portfolio of conservation 
activity represents the allocation of funds to each of the five regions for purchase of land that can 
be set aside for bird conservation. 
The objective of the portfolio analyses is to identify the optimal conservation investment 
strategy across the five regions based on risk-return tradeoffs as modeled using mean-variance 
and mean-semi-variance frameworks. The risk is the uncertainty posed by the various climate 
change models and emission scenarios. The return is the benefit/cost ratio of a bird species in a 
region where the benefit is measured as the incidence level of the bird species and the cost is the 
average cost of land for the region.  I derive the estimates for the average cost of land for each of 
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the five regions (Table 4) based on land values presented in Schlenker et al. (2005). The average 
cost of land acts as a measure of the relative cost of conservation activity in each region; 
incorporating this feature into the return criteria ensures that conservation resources are not 
directed to expensive regions when the same resources can achieve higher conservation benefits 
in lower cost regions (Naidoo et al. 2006, Wilson et al. 2006). 
The results from the portfolio analyses are applicable to all 147 birds but for illustrative 
purposes, we focus our discussion on two particular birds: the American goldfinch and the wood 
thrush. The study by Matthew et al. (2011) predicts that both these birds will experience 
significant changes in incidence levels under various climate change scenarios. However, the 
actual distribution of benefit/cost ratios for the wood thrush is jointly normal whereas that for the 
American goldfinch is non-normal. The use of these two birds with different return distributions 
helps illustrate when it is important to use downside risk measures in lieu of variance in 
designing optimal conservation portfolios. I also summarize the key results for all 147 birds and 
highlight the scenarios where there are large differences in portfolio allocation strategies and 
risk-return profiles depending on the risk measure used. 
Figures 8 and 9 graphically illustrate the incidence values for the American goldfinch and 
the wood thrush across the eastern United States for the current and future modeled climate 
scenarios.  The North East and North Central regions are likely to experience high incidence 
rates of American goldfinch population under all scenarios; American goldfinch populations are 
expected to be especially low in the South East region. Wood thrush incidence levels are highest 
in the South Central, North East and North Central regions and lowest in the Great Plains region. 
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I divide the incidence values by the average cost of land to derive region and scenario 
specific returns for both birds (Table 5, sections A and B). Due to the lower average cost of land 
in the Great Plains region, the returns for the American goldfinch are more favorable in this 
region relative to the North East region even though incidence rates are expected to be higher in 
the North East region. Similarly, high average cost of land in the North East region lowers the 
returns level for the wood thrush in this region even though expected incidence rates are high for 
the region under all climate scenarios. 
The limited availability of data in environmental settings makes it challenging to identify 
the underlying characteristics of returns distributions. I use a Lilliefors test of normality as well 
as normality plots to identify whether returns across regions are multivariate normal. The 
Lilliefors test of normality is a modification of the Kolomogorov-Smirnov test of goodness of fit. 
The null hypothesis under this test is that the empirical distribution is similar to the hypothetical 
sample distribution generated using estimated population mean and variance of the data (Abdi 
and Molin 2007). The normality test results for the American goldfinch reject the null hypothesis 
of normality for South Central, Great Plains and North Central regions; hence, I can conclude 
that the returns are not jointly normal. The normality test results for the wood thrush fail to reject 
the null hypothesis of normality for all regions. Figure 10 depicts the normality plots for the 
returns for the two birds in each of the five regions; Figure 10, Panel A shows that the actual 
returns data for the American goldfinch in South Central, Great Plains and North Central regions 
do not lie close to the solid line which represents the theoretical normal distribution. Figure 10, 
Panel B portrays the normality plots for the wood thrush in all five regions; the actual returns for 
wood thrush lie very close to the theoretical normal distribution. 
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Table 5 and Figures 8 and 9 indicate the significant uncertainty in expected returns levels 
for these birds given the various climate scenarios. The magnitude of these uncertainties will 
depend on the individual probabilities associated with the occurrence of each scenario. I assign 
equal probability weights to each of the seven scenarios such that returns associated with current 
and future climate models are equally likely. The expected returns are shown in Table 5, sections 
A and B. Table 6 illustrates the variance-covariance matrix based on the returns in Table 5. Table 
7 illustrates the symmetric co-lower partial moments calculated using Equation 9 based on a 
reference rate of R = µi. The values in Table 7 are used in the objective function of Equation 10 
to arrive at optimal portfolio allocations based on the mean-semi-variance framework.  
3.5 Results 
I solve for the mean-variance and mean-semi-variance efficient portfolios for a range of 
target returns and calculate the associated risks and rewards (see Tables 9 and 10 for details) 
using the values in Tables 5, 6, and 7 and Equations 3 and 10. The resulting optimal risk-return 
levels form efficient frontiers and are plotted in mean-standard deviation and mean-semi-
deviation space, respectively, as illustrated in Figures 11 and 12.  The upward sloping shape of 
the efficient frontiers results from the nature of the optimization algorithm that searches for 
portfolios with the smallest possible risk for target expected returns. Thus, to achieve a higher 
return, a conservation agent must undertake larger risks. I also calculate the portfolio standard 
deviation for the mean-semi-variance efficient portfolios and plot the results in mean-variance 
space to enable a direct comparison between the portfolio allocations based on the two 
frameworks. Similarly, I calculate the semi-deviation for the mean-variance efficient portfolios 
and plot these along with the mean-semi-variance efficient frontiers. 
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There is minimal difference in the mean-variance and mean-semi-variance efficient 
frontiers for the wood thrush drawn in either mean-standard deviation or mean-semi-deviation 
space (as shown in Figure 11). Since the returns distribution is multivariate normal, both mean-
variance and mean-semi-variance yield similar portfolio allocations because the semi-variance 
captures the same information as the variance for symmetric distributions.  
I observe significant differences in portfolio allocations and risk-return profiles between 
the two frameworks when the returns are not multivariate normal across different regions. To 
illustrate the main features of this heterogeneity in spatial distribution of returns, I use stylized 
features of the results as illustrated in Figure 12. The dominant efficient frontier in Figure 12 is 
determined by the risk measure used to represent the risk-return relationship: mean-variance 
portfolios will dominate when variance is used as a measure of risk and vice versa. I use this 
stylized figure to identify three characteristic differences between the efficient frontiers derived 
using the two frameworks. In Figure 12, A/E represents the maximum normalized difference in 
returns between the two efficient frontiers. This ratio indicates how much more returns a 
conservation agent can earn for a given level of risk, by using an appropriate risk measure. 
Similarly, B/C represents the maximum normalized difference in risk for a given level of returns 
between the two efficient frontiers. Another stylized feature that is prominent when I 
simultaneously plot the two efficient frontiers in risk-return space is the overlap between the two 
frontiers in the high risk - high return neighborhood. The ratio D/C represents the maximum 
normalized overlap between the two efficient frontiers. I identify these stylized features for the 
American goldfinch and also summarize the stylized features for 78 of the 147 birds that portray 
returns distributions that are not multivariate normal (Table 10).  
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For the American goldfinch, Figure 13 illustrates that the mean-variance efficient frontier 
dominates the mean-semi-variance efficient frontier for returns below 0.32 when variance is used 
to measure portfolio risk. While this result is not surprising given the mean-variance portfolio 
optimization algorithm minimizes the portfolio standard deviation, it does indicate that a 
conservation agent who prefers variance as a measure of risk would be able to achieve the same 
expected return for a lower level of standard deviation, or a higher expected return for the same 
level of standard deviation, by choosing a portfolio of protected lands based on a mean-variance 
approach rather than a mean-semi-variance approach. For example, following a mean-variance 
portfolio allocation strategy would ensure 78% more returns for a standard deviation of 0.02 
compared to a mean-semi-variance portfolio. Similarly, a conservation agent can reduce risk by 
54% to earn an expected return of 0.17 by choosing portfolio allocation based on a mean-
variance approach for the American goldfinch. When I consider all 78 birds with returns 
distributions that are not multivariate normal, I find that on average, the maximum normalized 
difference in standard deviation is 29% and the maximum normalized difference in returns is 
62% between the two optimal portfolio allocation strategies.  
Alternately, in mean-semi-deviation space, the mean-semi-variance efficient frontier 
dominates the mean-variance frontier (as shown in Figure 13, Panel B). A conservation agent 
concerned only with downside deviation in returns would be able to reduce risk by 22% for 
returns less than 0.21 by choosing portfolio allocations based on a mean-semi-variance 
framework. Similarly, for a semi-deviation of 0.008, following a portfolio diversification 
strategy based on a mean-semi-variance framework can enable a conservation agent averse to 
downside risk to attain as much as 67% higher returns than an allocation based on a mean-
variance framework for the American goldfinch. Results for the 78 birds indicate that on 
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average, portfolio semi-deviation can be reduced by 16% and portfolio returns can be increased 
by a maximum of 48% when conservation agents are averse to downside risk and use the mean-
semi-variance framework to identify optimal conservation strategies.  
My results illustrate that the portfolio allocation strategies are similar for a large part of 
the efficient frontiers when variance is the preferred measure of risk. In Figure 13, Panel A, the 
portfolio allocation strategy based on either risk measure for the American goldfinch can reduce 
standard deviation by 65% before the efficient frontiers diverge and the choice of risk measure 
leads to different strategies. The divergence in the mean-variance and mean-semi-variance 
efficient frontiers occurs much sooner when semi-variance is the preferred measure of risk as 
illustrated in Figure 13, Panel B. A conservation agent averse to deviations in returns below the 
mean would be able to reduce semi deviation by 40% using either portfolio allocation strategy; 
thereafter, such conservation agents can reduce risk much faster and to a larger extent by using a 
mean-semi-variance framework. This result is observed with other birds also; for the 78 birds 
whose returns are jointly non-normal across the five regions, there is an average overlap of 53% 
and 48% between the two-efficient frontiers in mean-variance and mean-semi-variance space, 
respectively. The overlap between the mean-variance and mean-semi-variance efficient frontier 
is zero when the returns within individual regions are highly skewed. Conversely, this overlap 
reaches a maximum as more regions portray normally distributed returns and reaches a 100% 
when the returns are multivariate normal across all regions. 
The skewness of the returns in individual regions explains the differences in portfolio 
allocation strategies between the two models. Figure 14 illustrates the variation in portfolio 
weights for each region as the portfolio expected return increases. Regions such as Great Plains 
which are positively skewed are allocated lower weights under the mean-variance portfolio 
  
55 
 
allocation strategy because the larger variance makes the region relatively more risky. These 
regions are allocated larger portfolio weights based on the mean-semi-variance strategy because 
the lower downside deviations make them relatively less risky when semi variance is the 
preferred measure of risk (Figure 14, Panel C). Conversely, the weight allocation to the North 
East region is always greater for the mean-variance framework compared to the mean-semi-
variance framework (Figure 14, Panel D). The returns in this region are negatively skewed 
indicating a longer left tail and larger semi-variance; this makes the region relatively riskier 
under a mean-semi-variance strategy. These results hold for all regions where returns 
demonstrate a high negative or positive skewness.  
The differences in portfolio allocation strategies between the two frameworks are 
prominent for lower level of returns where there is much that diversification can do to reduce 
risk. For higher expected returns, the portfolio allocation strategies based on either risk measure 
are the same
13
. When the target returns are high, the optimal conservation strategy is to focus in 
any one or two regions which have the largest average returns rather than a diversified strategy 
that includes all regions. For example, to obtain a return of 0.34 for the American goldfinch, both 
portfolio allocation strategies recommend 18% conservation activity in the Great Plains region 
and 82% in the North Central region since these are the two regions with the highest expected 
returns. When there are large differences in expected returns across regions, there is little that 
diversification can achieve at the higher end of the efficient frontier yielding concentrated but 
similar portfolio allocations irrespective of the risk measure used. 
                                                          
13
 We tested these results with several other bird species and find that for high returns, the portfolio allocation 
strategies are similar. 
  
56 
 
3.6 Conclusion 
This paper advances the systematic conservation planning literature by illustrating the use 
of a downside risk measure for optimal spatial targeting of conservation activity in the face of 
uncertain changes in future spatial patterns of conservation related outcomes. For illustrative 
purposes, I use the current and future modeled incidence values for individual bird species as the 
measure of benefit to calculate the expected benefit/cost ratio. Alternatively, conservation 
planners who are interested in preservation of habitat for multiple bird species can use some 
form of weighted index that characterizes the species distribution of multiple birds as a measure 
of benefit.  
This study identifies the characteristics of return distributions that results in differences in 
optimal portfolio allocations based on mean-variance and mean-downside risk algorithms. 
Replacing variance with a downside risk measure leads to significant differences in portfolio 
allocations and risk-return profiles when returns distributions for sub-regions of a broader 
landscape exhibit skewed distribution patterns.  
For multivariate normal returns, analyses using both risk measures identify identical 
portfolio allocation strategies and there are no differences in the risk-return outcomes. 
Conservation agents who are particularly concerned with minimizing below-mean deviations in 
individual regions would not gain much in terms of maximizing expected returns or minimizing 
expected risks by using a mean-semi-variance approach rather than the mean-variance approach. 
When returns are not jointly normal, the choice of risk measure significantly alters the portfolio 
allocation decisions and in turn changes the risk-return profile.  For a conservation agent that is 
only averse to deviations below the mean, choosing a portfolio allocation strategy that uses a 
downside risk measure can lower risk by 34% for the same level of returns as a portfolio 
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allocation based on a mean-variance approach. Similarly, when conservation agents prefer 
variance, use of mean-variance framework identifies land allocation strategies that outperform 
mean-semi-variance identified portfolios and lower risk by 67% for the same level of return.  
These differences in portfolio allocations are prominent for the lower part of the efficient 
frontier; at the higher end of the efficient frontier, both mean-variance and mean-semi-variance 
models identify identical portfolio allocation strategies that involve less diversification and 
greater concentration in regions with higher expected incidence levels. Thus, when conservation 
targets are high and there are large differences in expected returns across regions, the choice of 
risk measure is less likely to lead to significant differences in portfolio allocations. When returns 
do not illustrate high negative or positive skewness levels, the length of the segment that 
overlaps in mean-semi-deviation space is larger than the length of the segment that overlaps in 
mean-standard-deviation space. The larger overlap indicates that a conservation agent that is 
averse to downside risk would not be able to reduce risk by much by following a mean-semi-
variance approach. When returns are more negatively or positively skewed, there is much to be 
gained by conservation agents who are averse to deviations below a benchmark rate by following 
a strategy based on a mean-semi-variance framework.  
This paper uses the second degree lower partial moment to calculate downside risk but 
higher degrees of the measure can be used to accommodate greater investor risk aversion. Future 
work can examine the differences in portfolio allocation strategies and risk-return profiles under 
different degrees of risk aversion using lower partial moments to illustrate potential threshold 
effects associated with certain ecosystem services. In cases where threshold effects play a 
significant role in the survival of the species or ecosystem service, conservation agents may 
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benefit from use of tail risk measures such as CVaR to minimize the chances of extreme losses, 
provided they have a large number of observations for individual regions across space. 
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3.8 Figures and Tables 
 
Figure 7: Eastern United States Divided into Five Regions 
 
 
 
Note: This figure depicts the study region used in Matthew et al. (2011) which divides the 
eastern United States into five broad regions: South East, South Central, Great Plains, North East 
and North Central. 
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Figure 8: Incidence Rates for the American Goldfinch for Current and Future Scenarios 
 
 
Panel A: Current Modeled Scenario 
 
Panel B: Six Future Scenarios 
Note: Panel A represents the current incidence values for the American goldfinch across the 
eastern United States. Panel B shows the incidence values for the American goldfinch under the 
six modeled climate scenarios. 
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Figure 9: Incidence Rates for the Wood thrush for Current and Future Scenarios 
 
 
 
Panel A: Incidence Rates for Current Modeled Scenario 
 
 
 
Panel B: Incidence Rates for Future Modeled Scenarios 
 
Note: Panel A represents the current incidence values for the wood thrush across the eastern 
United States. Panel B shows the incidence values for the wood thrush under the six modeled 
climate scenarios. 
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Figure 10: Normal Probability Plots for the American Goldfinch and the Wood Thrush 
 
 
Panel A: Normal Probability Plots for the American Goldfinch 
 
 
Panel B: Normal Probability Plots for the Wood Thrush 
 
Note: The figure depicts the normal probability plots of the return distributions in each of the 
five regions for the American goldfinch and the wood thrush. 
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Figure 11: Mean-Variance and Mean-Semi-Variance Efficient Frontiers for the Wood 
Thrush 
 
 
 
Panel A: Efficient Frontiers in Mean-Std. Deviation Space 
 
 
 
Panel B: Efficient Frontiers in Mean-Semi-Deviation Space 
 
 
Note: The figure shows the efficient frontiers derived using the mean-variance and mean-semi-varaince 
framework in mean-std. deviation and mean-semi-deviation space for the wood thrush which has a jointly 
normal returns distribution. The broken line represents the mean-variance efficient frontier and the solid 
line represents the mean-semi-variance efficient frontier.  
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Figure 12: Stylized Results for Birds with Return Distributions that are not Multivariate 
Normal 
 
 
 
Note: In the above figure, A/E represents the normalized maximum difference in returns between 
the two frameworks; B/C represents the normalized maximum difference in risk between the two 
frameworks; and D/C represents the normalized overlap between the MV and MSV efficient 
frontiers. 
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Figure 13: Mean-Variance & Mean-Semi-Variance Efficient Frontiers for the American 
Goldfinch  
 
 
 
Panel A: Efficient Frontiers in Mean-Std. Deviation Space 
 
 
 
Panel B: Efficient Frontiers in Mean-Semi-Deviation Space 
 
 
Note: The figure shows the efficient frontiers derived using the mean-variance and mean-semi-varaince 
framework in mean-std. deviation and mean-semi-deviation space for the American goldfinch which has 
non-normal returns distrbution. The broken line represents the mean-variance efficient frontier and the 
solid line represents the mean-semi-variance efficient frontier.  
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Figure 14: Change in Optimal Portfolio Weights for Each Region for an Increase in 
Portfolio Returns for the American Goldfinch 
 
  
 Panel A: South East Region                                   Panel B: South Central Region 
  
Panel C: Great Plains Region                                   Panel D: North East Region 
 
                  
 
       Legend 
 
     Panel E: North Central Region 
Note: The figure illustrates the variation in portfolio weights for each of the five regions for an 
increase in expected portfolio return for the American goldfinch. 
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Table 4: Average Cost of Land in the Five Regions in the Eastern United States 
 
Region Average Cost of Land ($) 
North East 1457 
North Central 1180 
Great-plains 687 
South East 1163 
South Central 887 
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Table 5: Incidence Values for Non-normal and Normal Distributions and Benefit/Cost 
Values for Non-Normal Distributions 
 
A: Returns for the American Goldfinch  
 South-east South-central Great-plains North-east North-central 
Current 0.08 0.15 0.19 0.13 0.38 
Hadhigh 0.05 0.11 0.21 0.15 0.40 
Hadlow 0.04 0.10 0.66 0.10 0.23 
PCMhigh 0.05 0.10 0.17 0.17 0.41 
PCMlow 0.05 0.11 0.19 0.17 0.40 
GFDLhigh 0.05 0.11 0.17 0.17 0.39 
GFDLlow 0.06 0.18 0.13 0.17 0.36 
Average 0.06 0.12 0.25 0.15 0.37 
B: Returns for the Wood thrush 
 South-east South-central Great-plains North-east North-central 
Current 0.18 0.35 0.00 0.16 0.20 
Hadhigh 0.17 0.32 0.01 0.17 0.23 
Hadlow 0.16 0.36 0.03 0.15 0.22 
PCMhigh 0.16 0.30 0.01 0.17 0.22 
PCMlow 0.15 0.32 0.02 0.17 0.24 
GFDLhigh 0.17 0.34 0.01 0.17 0.22 
GFDLlow 0.17 0.33 0.02 0.15 0.23 
Average 0.16 0.33 0.01 0.16 0.22 
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Table 6: Variance-Covariance Matrix for Returns for the American Goldfinch and the 
Wood Thrush 
 
A: Variance-Covariance Matrix for the American Goldfinch 
 South-east South-central Great-plains North-east North-central 
South-east 0.000115 0.000221 -0.001028 0.000038 0.000279 
South-central 0.000221 0.000783 -0.001983 0.000123 0.000234 
Great-plains -0.001028 -0.001983 0.029591 -0.004026 -0.009649 
North-east 0.000038 0.000123 -0.004026 0.000700 0.001323 
North-central 0.000279 0.000234 -0.009649 0.001323 0.003482 
B: Variance-Covariance Matrix for the Wood thrush 
 South-east South-central Great-plains North-east North-central 
South-east 0.000083 0.000093 -0.000035 -0.000020 -0.000086 
South-central 0.000093 0.000349 0.000018 -0.000118 -0.000090 
Great-plains -0.000035 0.000018 0.000064 -0.000047 0.000060 
North-east -0.000020 -0.000118 -0.000047 0.000076 -0.000001 
North-central -0.000086 -0.000090 0.000060 -0.000001 0.000147 
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Table 7: CLPM of Return Values for the American Goldfinch and the Wood thrush  
 
A: CLPM for the American Goldfinch  
 South-east South-central Great-plains North-east North-central 
South-east 0.000039 0.000072 -0.000239 0.000019 0.000147 
South-central 0.000072 0.000245 -0.000440 0.000058 0.000118 
Great-plains -0.000239 -0.000440 0.004661 -0.001339 -0.003458 
North-east 0.000019 0.000058 -0.001339 0.000492 0.001002 
North-central 0.000147 0.000118 -0.003458 0.001002 0.002840 
B: CLPM for the Wood thrush  
 South-east South-central Great-plains North-east North-central 
South-east 0.0000326 0.0000413 -0.0000142 -0.0000096 -0.0000386 
South-central 0.0000413 0.0001733 0.0000080 -0.0000650 -0.0000453 
Great-plains -0.0000142 0.0000080 0.0000264 -0.0000233 0.0000274 
North-east -0.0000096 -0.0000650 -0.0000233 0.0000458 -0.0000004 
North-central -0.0000386 -0.0000453 0.0000274 -0.0000004 0.0000744 
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Table 8: Optimal Portfolio Weights, Risk and Benefits for the American Goldfinch 
 
A: Mean-Variance Framework  
Risk Return South-east South-central Great-plains North-east North-central 
0.0005 0.17 0.30 0.11 0.12 0.30 0.18 
0.0007 0.19 0.20 0.16 0.13 0.28 0.23 
0.0010 0.21 0.09 0.22 0.15 0.25 0.29 
0.0014 0.24 0.00 0.27 0.16 0.22 0.35 
0.0030 0.26 0.00 0.27 0.18 0.11 0.45 
0.0051 0.28 0.00 0.27 0.19 0.00 0.54 
0.0079 0.30 0.00 0.17 0.21 0.00 0.62 
0.0114 0.32 0.00 0.07 0.23 0.00 0.70 
0.0208 0.34 0.00 0.00 0.18 0.00 0.82 
0.0588 0.37 0.00 0.00 0.00 0.00 1.00 
B: Mean-Semi-Variance  
 Risk Return South-east South-central Great-plains North-east North-central 
 0.0004 0.17 0.29 0.15 0.20 0.22 0.14 
 0.0006 0.19 0.17 0.22 0.23 0.20 0.19 
 0.0009 0.21 0.04 0.29 0.25 0.19 0.23 
 0.0017 0.24 0.00 0.30 0.29 0.11 0.30 
 0.0034 0.26 0.00 0.28 0.32 0.01 0.39 
 0.0054 0.28 0.00 0.18 0.36 0.00 0.46 
 0.0078 0.30 0.00 0.07 0.40 0.00 0.53 
 0.0129 0.32 0.00 0.00 0.36 0.00 0.64 
 0.0320 0.34 0.00 0.00 0.18 0.00 0.82 
 0.0532 0.37 0.00 0.00 0.00 0.00 1.00 
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Table 9: Optimal Portfolio Weights, Risk and Benefits for the Wood thrush 
 
A: Mean-Variance Framework  
 Risk Returns South-east South-central Great-plains North-east North-central 
 0.0007 0.12 0.18 0.06 0.37 0.38 0.00 
 0.0009 0.14 0.19 0.09 0.27 0.37 0.07 
 0.0014 0.17 0.20 0.12 0.17 0.37 0.15 
 0.0019 0.19 0.21 0.15 0.07 0.36 0.22 
 0.0025 0.21 0.15 0.21 0.00 0.38 0.26 
 0.0039 0.24 0.00 0.34 0.00 0.38 0.28 
 0.0066 0.26 0.00 0.45 0.00 0.19 0.36 
 0.0097 0.28 0.00 0.56 0.00 0.00 0.44 
 0.0138 0.31 0.00 0.78 0.00 0.00 0.22 
 0.0186 0.33 0.00 1.00 0.00 0.00 0.00 
B: Mean-Semi-Variance Framework 
 Risk Return South-east South-central Great-plains North-east North-central 
 0.0005 0.12 0.21 0.07 0.38 0.34 0.02 
 0.0007 0.14 0.22 0.09 0.27 0.33 0.09 
 0.0010 0.17 0.23 0.12 0.17 0.32 0.15 
 0.0013 0.19 0.25 0.14 0.07 0.32 0.22 
 0.0017 0.21 0.18 0.21 0.00 0.35 0.27 
 0.0027 0.24 0.00 0.34 0.00 0.38 0.28 
 0.0046 0.26 0.00 0.46 0.00 0.20 0.35 
 0.0069 0.28 0.00 0.57 0.00 0.01 0.42 
 0.0097 0.31 0.00 0.78 0.00 0.00 0.22 
 0.0131 0.33 0.00 1.00 0.00 0.00 0.00 
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Table 10: Summary of Stylized Results for 78 Birds with Returns Distributions that are not 
Multivariate Normal 
 
 Max Normalized 
Difference in Return  
Max Normalized 
Difference in Risk 
Max Normalized 
Overlap 
 Mean-Variance Space 
Maximum 91% 67% 94% 
Minimum 11% 4% 0% 
Average  62% 29% 53% 
 Mean-Semi-Variance Space 
Maximum 90% 34% 91% 
Minimum 11% 5% 0% 
Average 48% 16% 48% 
 
Note: The results in this table are directly related to the stylized graph shown in Figure 6. The 
table indicates the maximum, minimum and average values for three characteristic differences 
between the efficient frontiers derived using the mean-variance and the mean-semi-variance 
frameworks. The first half of the table represents these differences when the results are plotted in 
mean-variance space and the lower half of the table represents these differences when the results 
are plotted in mean-semi-variance space. 
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CHAPTER 4: EVALUATING THE IMPACT OF PROTECTION ON 
DEFORESTATION IN INDONESIA BETWEEN 2000 AND 2010 
 
4.1 Introduction 
Approximately 16.3 million square km. of forests worldwide are protected to limit the 
conversion of forests to commercial activities (World Database on Protected Areas). One country 
where forest protection has been widely implemented is Indonesia.  Indonesia is home to some of 
the most biologically diverse forests in the world, providing essential habitat for endangered 
species such as tigers, elephants and orangutans.  Deforestation is rampant and not only threatens 
these species but also increases carbon emissions. Indonesia has the third highest rate of annual 
forest loss on account of agricultural expansion and unsustainable commercial logging. The 
annual rate of deforestation in Indonesia between 1990 and 2000 was 1.61%; this increased to 
1.91% between 2000 and 2005 (Olsen and Bishop, 2008). A recent study by Miettinen et al. 
(2011) finds that the rate of deforestation between 2000 and 2010 was still relatively high at 1% 
per annum. In response, Indonesia has increased the total land area under protection from 10% in 
1990 to 14% in 2010.  In this chapter, we ask whether and where land protection has been 
successful. Understanding whether and in what regions this key component of conservation 
policy is successful is crucial to designing future conservation efforts in the country.   
The ongoing rapid conversion of forests to commercial activities threatens species 
habitat, increases global carbon emissions and degrades other forest related ecosystem services. 
In response, governments have imposed use restrictions and purchased land parcels to reduce 
such rampant deforestation. Merely increasing the area of land under protection does not 
guarantee a decrease in deforestation rates.  One concern is that the protected land may not be 
under threat of conversion (i.e. the forest under protection is not ‘additional’).  A second concern 
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is that government protection may remove the local forest user’s incentive to regulate resource 
consumption decreasing monitoring and increasing illegal logging or land conversion. Thus, 
particularly in a setting of unclear land tenure and incomplete monitoring and enforcement, the 
effect of establishing forest protected areas is unclear, motivating the need to evaluate the policy.  
Recent studies use a variety of tools to identify the impact of such protected area status 
on deforestation, but the results are often inconsistent and inconclusive. One challenge when 
evaluating conservation policy is to derive an appropriate counterfactual: what would have 
happened in the absence of the policy (Ferraro 2009)? While some studies make use of impact 
evaluation tools to compare protected areas against relevant counterfactuals, only a few studies 
incorporate the spatial characteristics of nearby areas and its effect on increase or decrease in 
forest levels (Honey-Roses et al., 2011; and Joppa and Pfaff, 2010). In this study, I match parcels 
over their own characteristics as well as the characteristics of their contiguous neighbors to 
generate a counterfactual.  
 This chapter makes several contributions to the existing literature on impact evaluation 
of policies designed to set aside land for protection. I recognize that the decision to degrade an 
area of land is not independent of the decision to degrade a neighboring area. I use a spatial 
matching technique that matches over time-invariant characteristic features of neighboring areas 
in addition to the time-invariant characteristics of the area of interest. The results based on the 
matching routine that include the spatial dependence are more positively associated with 
reduction in forest degradation on protected lands in Indonesia than those using only own-parcel 
characteristics. Second, Indonesia is very diverse, with the landscape, forest types and forest 
threats varying greatly from region to region. To address this heterogeneity this study also 
examines the changing patterns in forest degradation in Indonesia using recent forest cover data 
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at two distinct scales. I look at the impact of protection on forest degradation using matching 
techniques for the whole of Indonesia. I also evaluate the impact of protection within each of the 
five regions to control for the geographic disparity in forest degradation within Indonesia 
(Miettinen et al., 2011).  The results indicate that while Sumatra, Kalimantan and Papua have 
shown moderate success in reducing forest degradation within protected areas, protected areas in 
Java and Sulawesi have not been effective in reducing forest degradation. Last, following Andam 
et al. (2008), this paper conducts a sensitivity analysis using Rosenbaum bounds in order to 
determine if the results based on the non-parametric matching routine are robust to potential 
endogeneity problems that may arise if there are unobserved confounding variables that 
simultaneously effect assignment to protection and forest degradation (Rosenbaum 2002).  
4.2 Literature Review 
Protected areas are seldom randomly distributed in the landscape (Ferraro and 
Pattanayak, 2006). Recent empirical studies on forest conservation use methods that formally 
develop a counterfactual control group to overcome the potential selection bias that arises from 
non-random location of protected areas (Andam et al., 2008; Gaveau et al., 2009; Joppa and 
Pfaff, 2010; Nelson and Chomitz, 2011; Gaveau et al., 2012). These studies use matching 
methods to compare the deforestation rates in protected areas with relevant counterfactuals to 
evaluate the success of protected areas in limiting deforestation while controlling for observable 
parcel characteristics. Their results indicate that protected areas have reduced deforestation.  
While several major studies have looked at the rates and causes of deforestation in 
Indonesia (Sunderlin and Resosudarmo 1996; Fuller et al. 2004; Kinnaird et al. 2003; Gaveau et 
al. 2007; Gaveau et al. 2009; Carlson et al. 2012; Wheeler et al. 2012), there is a lack of 
consensus on the success of conservation measures.  The studies find a wide variation in the rates 
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and trends in deforestation within different regions in Indonesia owing to the heterogeneity in 
regional characteristics. Moreover, in 1999-2002, the federal government decentralized the 
economic and political autonomy in the hands of the provincial and district governments; this 
move may generate even larger variation in the impact of protection on forest degradation in the 
different regions.  
The regions of Sumatra, Kalimantan and Sulawesi have experienced the fastest and most 
rampant deforestation in the country. Margono et al. (2012) use a hybrid mapping technique to 
quantify the change in forest cover between 1990 and 2010; they find that 7.5 million hectares of 
forests in Sumatra were either degraded or destroyed. However, the study also claims that the 
rate of deforestation has decreased significantly, especially in protected areas where the forest 
loss between 2000 and 2010 was only 4%. Gaveau et al. (2012) use propensity score matching to 
evaluate the impact of protection on deforestation in Sumatra between 1990 and 2000 and find 
that protection had a significant effect in containing the conversion of forests to commercial 
activities. In Kalimantan, protected lowland forests declined by 56% between 1985 and 2001 
(Curran et al., 2004). Fuller et al. (2004) find that between 1996 and 2002, over 2 million 
hectares of forest were lost in proposed and existing protected areas in Kalimantan. Sulawesi 
experienced a deforestation rate of 2.5% annually between 1985 and 1997 (Rhee et al. 2004). 
Cannon et al. (2007) find that almost 80% of Sulawesi’s forests have been either deforested or 
disturbed on account of large scale logging activities and commercial agricultural projects using 
regression analysis based on a simple model of forest change. Java ranks fourth in terms of 
deforestation rates in Indonesia, recording an annual forest conversion of 2500 hectares between 
2003 and 2006 (Forestry Department of Indonesia).  
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 While these studies illustrate the significant differences in changes in forestation levels 
within the different regions of Indonesia, the lack of common methods used to quantify the rates 
of deforestation makes it difficult to identify the most vulnerable regions. In this study, I conduct 
a comprehensive analysis of forest degradation in the individual regions of Indonesia using the 
same remotely sensed data of forest cover and spatial matching technique to identify a relevant 
counterfactual group for comparison of the changes in forest cover inside protected areas 
between 2000 and 2010.  
4.3 Methods 
4.3.1 Matching 
 I estimate the Average Treatment Effect on the Treated (ATT), which is a measure of 
the impact that a given treatment has on an outcome of interest. In this study, the treatment is the 
designation of a land parcel as protected and the outcome of interest is forest degradation, which 
is a continuous variable that represents the changes in the level of forest cover on each land 
parcel between 2000 and 2010. Negative change in forest cover indicates forest degradation and 
positive or zero change in forest cover is an indication of the absence of forest degradation. If 
protection was randomly allocated across land parcels, one could estimate ATT by comparing 
the forest degradation inside and outside protected areas. However, because protection decisions 
are non-random, I use matching methods to evaluate the impact of protection when such 
decisions are based on observable characteristics.  Matching is an ex post identification 
technique that uses observable characteristics to identify a counterfactual group from land 
parcels that are not protected and that are similar to the treatment group (Imbens, 2004; 
Rosenbaum and Rubin, 1983). If one can identify observable characteristics such that any two 
parcels of land with the same characteristics portray identical responses to protection, then the 
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estimated treatment effect is said to be unbiased. An unbiased measure of ATT thus requires that 
the observable characteristics used to identify the counterfactual include all characteristics that 
jointly affect selection into protection and forest degradation. In other words, we assume that 
any unobservable characteristics that affect both placement of treatment and outcome are 
distributed in the same way as our matched observables. 
 I develop a counterfactual control group using a matching technique based on Abadie 
and Imbens (2006) using characteristics at the parcel level that are likely to affect protection 
decisions and forest degradation. This technique matches (with replacement) each treated parcel 
of land with a control parcel with similar characteristics. The intuition behind the matching 
technique is that for each parcel i, I only observe one outcome, either the outcome of being in 
treatment (Ti = 1) or the outcome from not being in treatment (Ti = 0). I would ideally like to 
have observations for each parcel i when in treatment and when not in treatment to identify the 
effect of treatment. In this study, I am interested in the ATT which is defined as,  
 
 [             ]   [         ]   [         ]    (1) 
 
The first term on the right hand side of the above equation is the average forest cover loss on 
treated parcels. The second term is the average forest cover loss that would have occurred on 
those same parcels had they not been protected. Since the second term cannot be observed, I use 
a counterfactual group of parcels that were not treated but are similar in characteristics to the 
treated parcels.  
 I estimate the ATT at two levels. First, I consider all non-protected areas located 
anywhere in Indonesia as candidates for the counterfactual group. I also conduct the same 
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analyses at a regional scale. The regional analysis enables me to identify the heterogeneity in the 
pattern of forest degradation across the different regions of Indonesia. I form counterfactuals by 
matching non-protected parcels with protected parcels within each of the five broad regions.  I 
then estimate the ATT for observed forest degradation between 2000 and 2010. I match two 
control parcels for each treated parcel and use the bias adjustment procedure to control for match 
fit (Abadie and Imbens 2006).  I use the bias adjustment to correct for the differences in the 
covariates for each matched pair using the estimated coefficients from a linear regression of the 
covariates on the expected outcome. I use the heteroskedasticity correction to estimate the 
variance at all observations to address the potentially heteroskedastic error terms (Abadie and 
Imbens 2006).  
4.3.2 Spatial Matching  
 Previous studies find evidence of spatial dependence in deforestation decisions and 
land use models (Mertens and Lambin 2000; Anselin 2002; Alix-Garcia 2007; Loren and 
Lambin 2009; Alix-Garcia et al. 2010). These studies show that forest loss have distinct spatial 
patterns where deforestation in one region is likely to be affected by the deforestation decisions 
in neighboring regions. To statistically assess the need for a spatial model for the case of 
Indonesia, I test for spatial autocorrelation using the Moran’s I test based on a first order queen’s 
contiguity weights matrix. The first order contiguity matrix better captures the intuition of how 
forest degradation travels over the landscape, with logging equipment being easier to move 
across a continuous space, and logging roads making contiguous parcels more accessible. The 
Moran’s I index provides a measure of local homogeneity in the outcome of interest. Its value 
ranges between -1 to +1 where -1 indicates strong negative spatial autocorrelation and +1 
indicates strong positive spatial autocorrelation. To assess how the spatial autocorrelation 
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changes with alternative weights matrices, I also calculate the Moran’s I for second-order and 
third-order queen’s contiguity weights matrices14.   
 Even when theoretical and statistical arguments indicate the presence of potential 
spatial dependence in the dependent variable, measuring neighbors’ interactions is a difficult task 
because of the possible feedback effects that allow individual observations and observations on 
neighboring parcels to simultaneously affect each other (Manski 1993; Brock and Durlauf 2001; 
Moﬃtt 2001). One approach to estimating a spatial lag model is GMM (Kelejian and Prucha 
2010)
15
. Robalino and Pfaff (2005) apply the instrumental variable approach wherein they use 
exogenously varying topological and ecological characteristics of neighbors’ parcels as 
instruments for the possible neighbors’ interactions in deforestation decisions. The use of 
spatially lagged values of exogenous neighbor characteristics is further supported by the reduced 
form of the semi-parametric spatial lag model. The standard semi-parametric spatial lag model 
is, 
 
                .     (2) 
 
Here, y is the change in forest cover, W is a first order spatial weights matrix, T is a binary 
variable where 1 indicates the parcel is protected and 0 indicates the parcel is not protected and X 
are covariates that affect forest degradation decisions. The reduced form of this model can be 
written as, 
                                                          
14
 Because my data are a grid, contiguity-based definition of neighbors is the same as using a distance based 
definition or a k nearest neighbor definition -the three most frequently used weights matrices. Thus, to test 
alternative definitions, I use higher order contiguity matrices, which include more rings of neighboring grids as 
neighbors. This approach effectively tests how quickly the spatial correlation degrades. 
15
 An alternative approach is to use maximum likelihood, but the large number of observations makes maximum 
likelihood impractical for this study. 
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                                                              (3) 
 
This reduced form specification indicates that possible optimal instruments for the spatial lag 
model are the spatially lagged values of the exogenous variables (Kelejian and Robinson 2003; 
Kelejian et al. 2004; Lee 2007; Bramoullé et al. 2009; Kelejian and Prucha 2010). Thus, in the 
matching routine, we correct for spatial lag by including spatially weighted covariates in addition 
to the covariates detailed in the matching model described above (Honey-Roses et al. 2012). This 
model assumes that weighted characteristics do not directly affect the outcome of a parcel, 
except by affecting the outcome of neighboring parcels. 
 The results from the spatial matching model may be biased if I include parcels located 
on the boundary of the protected areas in the counterfactual group. If these parcels are affected 
by the introduction of treatment in neighboring parcels, then they are no longer legitimate 
controls, including these affected parcels in the control group may result in over or 
underestimation of the impact of protection on forest degradation. I evaluate a spatial matching 
model that drops control parcels that are adjacent to protected parcels to correct for this potential 
bias.    
4.3.3 Sensitivity Analysis  
 Since matching methods are not robust against “hidden bias” arising from the existence 
of unobserved variables that simultaneously affect assignment to treatment and the outcome 
variable, I use bounds based on Rosenbaum (2002) to determine how strongly an unaccounted 
confounding variable may affect selection into treatment.  Rosenbaum’s bounds provide a 
measure of how unobservable covariates could affect the matching analysis.  
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 The Rosenbaum bounds method of sensitivity analysis assumes that there exists a 
confounding unobserved covariate which affects the odds of a parcel being protected. If the 
unobserved covariate has no effect on assignment into treatment, then the matching routine is 
assumed to be unbiased. Rosenbaum bounds carries out a sensitivity analysis that examines the 
confidence interval on the estimated effect of treatment as the influence of the unobserved 
covariate increases. A higher confidence interval results in a larger p-value for the test of the null 
hypothesis of the treatment having no effect on the outcome. I use the command rbounds in Stata 
to estimate the Rosenbaum bounds
16
 for odds ratio, Γ, that ranges from one to three. 
4.3.4 Other Robustness Tests 
 To assess the quality of the matches, I test for covariate balance. I check for significant 
differences in covariates between the treatment and control parcels using QQ plots for each 
covariate for treatment and control group data based on the raw dataset as well as the datasets 
generated from the three matching techniques (Ho et al. 2007). I also test the robustness of my 
results to the number and quality of the matches. The nnmatch routine in Stata permits anywhere 
from one to five counterfactual matches for each treated observation. I test the robustness of the 
results based on two matches to one, four and five matches for each treatment parcel. The 
matching technique often uses the same non-treated parcel as a control for different treated 
parcels. If matches that are used multiple times to create counterfactuals are parcels that have 
experienced heavy forest degradation, the ATT based on this matching technique may reflect 
greater reduction in forest degradation compared to a matching technique without replacement. I 
                                                          
16
 rbounds requires prior estimation of the difference in outcome between the treated and matched control 
observation. I estimate this delta as the difference in forest cover between each treated parcel and a weighted 
average of forest cover of two control parcels. 
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re-estimate the ATT after removing such matches to determine the robustness of my results to 
inclusion of multiple matches with heavy forest degradation. 
 Next I test whether the results are robust to variation in the strictness level associated 
with protected parcels. The WDPA protected areas in Indonesia fall under various management 
regimes and impose different land use restrictions. National parks in Indonesia are the most 
strictly protected areas that prohibit any human use of the forests that are within the national park 
boundaries. As a robustness test, I measure the ATT for protection of only national parks and 
compare these results with ATT for all protected areas. 
 I also test the robustness of the ATT estimates to varying strictness in the management 
of control parcels. Previous studies have shown that the estimated ATT differs significantly 
when controls are identified from unprotected parcels based on the land allocation type (Gaveau 
2012). I divide the unprotected land areas that we use as control parcels into two groups based on 
the land allocation categories in Indonesia: production forests and conversion forests. Production 
forests are designated areas where deforestation is permitted whereas conversion forests permit 
selective logging but not deforestation. I then re-estimate the ATT when relevant counterfactuals 
are selected only from production forests and only from conversion forests. 
As an additional robustness check for our results based on the matching estimation, I use 
the following parametric regression to determine the relationship between the change in forest 
cover and spatially lagged values in forest cover changes, a binary treatment variable and the 
covariates included in the matching estimate, 
  
                .               (4) 
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Here y represents the observed change in forest cover, T is a binary treatment variable, X is a 
vector of covariates and W is an N by N first order queen’s contiguity spatial weights matrix and 
ρ is a spatial autocorrelation coefficient. Since y is endogenously determined, I use an 
instrumental variable two stage least squares technique (Anselin and Bera 1997). I instrument for 
Wy using spatial lags of the independent variables and solve the following system, 
 
                         
                       (5) 
 In order to correct for the possible correlated error terms, I estimate clustered standard 
errors by district. Clustering the standard errors by district will address possible spatial 
correlation in error terms. While this will not change the coefficient estimates, it can affect the 
possible significance of the coefficients.  
4.4 Data  
4.4.1 Study Area 
The study site is Indonesia, which covers a total area of 1,904,569 square km. Indonesia 
is broadly divided into five island-regions: Java, Sumatra, Kalimantan, Sulawesi and Papua, as 
depicted in Figure 15. These five regions are then divided into 33 provinces which are further 
subdivided into approximately 500 districts
17
. Under Indonesia's 1990 National Spatial Plan, the 
forests within each region were divided among three broad land management categories: 
protection, production, and conversion (Broich et al. 2011). The protection zone includes 
national parks, nature reserves, wildlife sanctuaries, recreational and hunting parks, and 
watershed protection reserves. Deforestation and logging are strictly prohibited in protection 
                                                          
17
 The number of districts in Indonesia is constantly changing. There were 440 districts in 2000 which increased to 
497 in 2010.  
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zones. The production zone includes areas allocated for commercial logging where deforestation 
is prohibited but selective logging that leads to sustainable forest use is permitted. The 
conversion zone includes regions allocated to industrial plantations, smallholder agriculture, 
mining, urban areas, and government-sponsored transmigration settlements.  
 Sumatra covers an area of 476,000 square km and is home to an estimated 10,000 plant 
species, more than 200 mammal species (of which 9 are endemic) and some 580 bird species (of 
which 19 are endemic), many of which are found in lowland forests. The main types of forests in 
Sumatra are lowland forests (elevation of 0-1200 m), lower level montane forests (elevation of 
1200- 2100 m), upper montane forests (elevation of 2100-3000 m) and sub-alpine forests (more 
than 30000 m) (Supriatna et al. 2002). Approximately 23% of forests in Sumatra are 
conservation forests, 26% are production forests and 11% are conversion forests; the remaining 
40% land area is either un-zoned or non-forested. Deforestation in this region, outside of 
protected areas, has been mainly attributed to forest conversion to industrial-scale wood fiber and 
oil palm plantations; within protected areas, the main concern of forest degradation and 
deforestation is illegal logging activities (Gaveau et al. 2012). 
Kalimantan covers an area of 544,150 square km and is estimated to contain about 30% 
of Indonesia’s forest area and around 50% of Indonesia’s designated timber production forests 
(Ismael 2000). Tropical forests in this region are well known for their high biodiversity including 
several endangered animal species such as orangutans, proboscis monkeys, sun bears and 
gibbons (The Nature Conservancy 2006). Forest types in the region include mangrove forests, 
lowland forests, montane forests and peat swamp forests. Approximately 8% of forests in 
Kalimantan are designated as conservation areas, 32% are production forests, 9% are conversion 
forests and the remaining 51% land area is either non-forested or un-zoned forests. Deforestation 
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in Kalimantan is rampant in lowland forests that are more prone to logging operations and 
agricultural activities, while the mid-to-high elevation protected areas that are inaccessible to 
logging and other commercial activities remain intact. 
Java covers an area of 132,000 square km and is the most densely populated region in 
Indonesia with 136 million people in 2007 (61% of total population of Indonesia). The mainland 
forests of Java are divided into lower level montane forests, montane forests and subalpine 
forests (Steenisn and Schippers-Lammertse 1965). Java has a wide diversity of flora and fauna 
comprising of 6500 known plant species and 137 terrestrial mammals, of which 16% are 
endemic (Rhee et al. 2004). Approximately 14% of land area in Java is categorized as production 
forests, 8% as conservation forests and the remaining lands include un-zoned and non-forested 
areas. Recent deforestation in Java has been attributed to agricultural expansion for paddy fields, 
upland agriculture and cash crop plantations in steep sloped areas since most of the lowland 
forests had already been converted during the 1990s (Prasetyo et al. 2009). 
Sulawesi covers an area of 174,600 square km and is home to 127 mammal species, 62% 
of which are endemic. The main forest lands in Sulawesi are mangrove forests, lower and upper 
montane forests, monsoon forests and small areas of peat swamp and freshwater swamp forests. 
Approximately 29% of the land area in Sulawesi is demarcated as conservation forests, 20% as 
production forests and 3% as conversion forests; the remaining 48% of land area is either un-
zoned or non-forested. Previous studies expect the rate of deforestation in Sulawesi to decelerate 
mainly because most of the forest land that was useful for logging and agricultural projects has 
already been deforested; though the threat to forests from ongoing mining and other commercial 
activities still persist (Rhee et al. 2004 and Cannon et al. 2007). 
  
95 
 
Papua covers an area of 420,540 square km. This region has suffered less deforestation 
compared to the other regions of Indonesia. The threats from logging and agricultural 
conversion, especially for palm oil, are relatively recent, beginning mainly in early 2000. This 
region has approximately 1600 known species of amphibians, birds, mammals and reptiles, of 
which, 25% are endemic. Approximately 39% of the land area in Papua is dedicated to 
conservation areas, 33% to production forests and 20% to conversion forests. 
 The unit of observation for forest degradation, protection and biophysical 
characteristics of land are uniform 3 km by 3 km grids for a total of 195,466 parcels for the 
whole of Indonesia, of which Java accounts for 14,575 parcels, Sumatra accounts for 49,587 
parcels, Kalimantan accounts for 57,747 parcels, Sulawesi accounts for 18,755 parcels and Papua 
accounts for 54,802 parcels. 
4.4.2 Forest Cover Data 
 OSIRIS-International provides forest cover data for Indonesia at the 3 km by 3 km 
parcel size for 2000 and 2010 based on Miettinen et al. (2011). This study uses regional 250 m 
spatial resolution land cover maps for 2000 and 2010 based on a combination of data obtained 
from MODIS and Shuttle Radar Tomography Mission to evaluate the spatial variation in forest 
degradation within the region. Their study illustrates a clear spatial variation in loss of forest 
cover between different regions of Indonesia with Sumatra and Kalimantan accounting for over 
5% annual forest loss compared to a national average of 1%. The estimated extent of forest cover 
loss between 2000 and 2010 based on Miettinen et al. (2011) is 11 million hectares. Of this, Java 
accounted for 1% of the decrease in forest cover, Sumatra accounted for 41% of the decrease, 
Kalimantan accounted for 35% of the decrease, Sulawesi accounted for 13% of the decrease and 
Papua accounted for 10% of the decrease. 
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4.4.3 Treatment Regions 
 I use the World Database on Protected Areas (WDPA) to identify parcels of land that 
are designated as protected in Indonesia. Their estimates show that approximately 11,433 square 
km of terrestrial area in Indonesia was brought under protection between 2000 and 2010. WDPA 
identifies all areas that are considered protected under six IUCN categories comprising of 
national parks, nature reserves, game reserves, wildlife sanctuaries, recreation parks and grand 
forest parks. These conservation areas are state-owned land designated as protected for 
conservation of animal and plant species and their ecosystems. They are managed by the 
Ministry of Forestry, though the decentralization process during the Reformasi period has 
increased the roles of local governments in forest conservation projects.  
 Before the Reformasi (the decentralization of economic power from the center to local 
governments in 1999), the Indonesian Constitution granted control of designated forest lands and 
resources to the central government (Thorburn 2004). While the areas marked as production 
forests were leased to concessionaires, the areas set aside for conservation remained under the 
direct control of the Ministry of Forestry.  However, the inability of a central forest authority to 
defend this extensive protected area has resulted in rampant deforestation of protected areas 
owing to illegal logging activity and forest conversion for mining and plantation development. 
 The decentralization of land-use regulation during 1999 – 2002 has allowed regional 
governments to play a larger role in management of forest resources (Wardojo and Masripatin 
2002). Local governments have taken this greater autonomy as an opportunity to generate larger 
incomes from forest resources to support local development and infrastructure.  This raises 
concerns about increasing conversion of forests into large-scale industrial plantations (oil palm, 
timber for pulp and paper), small-scale commodity-based agriculture (rubber, cacao, coffee and 
  
97 
 
rice), and mining (Wardojo and Masripatin 2002; Atmadja and Wollenberg 2010; Olsen and 
Bishop 2008). In a recent study, Burgess et al. (2011) find that the increase in the number of 
districts in the post-Suharto regime is associated with an increase in deforestation activity 
between 2000 and 2008. 
4.4.4 Identification Strategy  
 Indonesia can be divided into 226,348 3km by 3km land parcels. Of these, 20,151 were 
designated as protected areas prior to 2000; I eliminate these parcels from my analysis. Of the 
remaining 206,197 parcels, I further eliminate 87,336 parcels that have zero forest cover in 2000. 
This leaves me with 118,861 parcels, of which 7,592 parcels were brought into protection 
between 2000 and 2010. Only considering those parcels that were brought under protection 
between 2000 and 2010 makes it possible to have observations on the extent of forest cover 
before and after the establishment of protected areas. Thus the final dataset consists of 7,592 
treatment parcels and 111,269 eligible control parcels across the whole of Indonesia. 
 Alix-Garcia (2007) developed a rent based model of forest land clearing for agricultural 
and pastoral uses in Mexico where the decision to convert a given parcel of forested land into 
pasture is determined by, 
                                 
 
  
    (6) 
In the above equation, δ is a binary choice variable where 1 represents that the parcel is 
converted to pasture; q is the quality of the land parcel and d represents the distance to the 
population center; πp and πf are the average quality of the land in pasture and forest use and 
 
  
 
represents the ratio of the optimal land to be converted to the amount of the land in pasture at the 
time. Thus, according to their model, the probability that a given parcel is deforested is 
determined by the relative differences in the values of the land in forest and non-forest uses, 
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which are determined by the physical attributes of the land and the characteristics of the 
community that are making the land use decision.  
 In the matching analysis, I include all covariates that are likely to affect the selection of 
a parcel into protection and the extent of forest degradation. Indonesian protection policy 
recognizes land parcels located at certain slopes and elevation and that have sensitive soil types 
and greater peat land depth as areas that qualify for protection (Pravettoni 2011, Wich et al. 
2011). Previous literature that model land-use decisions identify various plot-level accessibility 
characteristics such as elevation, slope, distance to roads, distance to rivers, distance to nearest 
city and land use opportunities as important determinants of deforestation (Angelsen and 
Kaimowitz 1999; Pagiola 2000; Alix-Garcia, 2007).  
 I obtain data on the following covariates that best capture the physical attributes of the 
land that are likely to determine forest degradation outcomes in Indonesia for each 3km by 3km 
parcel from OSIRIS Indonesia: 
a) Slope and elevation: Land parcels situated at lower elevations and less sloped areas are 
easily accessible and more suitable for agriculture and thus increase deforestation 
pressures. I thus include average slope and average elevation for each land parcel in the 
matching routine. 
b) Average Distance to Roads and Rivers: Proximity to roads and rivers enable deforestation 
agents to transport agricultural products or timber to markets and thus increase 
deforestation pressures (Helmer, 2000; Sader & Joyce, 1988). I use a measure of the 
average distance from each parcel to roads and rivers in 2000 as reported by OSIRIS-
Indonesia.  
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c) Average Distance to City: Proximity to cities is a representative variable for accessibility to 
agricultural markets and is shown to have a significant effect on deforestation (Barbier & 
Burgess, 2001; Kaimowitz & Angelsen, 1998). I include the average distance from major 
cities (with population over 20,000) for each parcel in 2000 in the matching routine.  
d) WWF Ecoregion: Ecoregions are large units of land that contain similar environmental 
conditions, habitat structure, and patterns of biological complexity. Olsen et al. (2001) 
divide the world into 867 distinct ecoregions. Indonesia itself is divided into 34 ecoregions. 
I identify each land parcel with one of these 34 ecoregions and restrict the matching routine 
to only select control parcels that belong to the same ecoregion as the protected or treated 
parcel. This ensures that the environmental conditions that impact deforestation decisions 
are the same in both the treated and control parcels. 
e) Forest Cover in 2000: The amount of land that is initially forested will directly affect the 
extent of deforestation that occurs in subsequent periods. Thus I include the total hectares 
in a given parcel that is forested in 2000 as a covariate in the matching routine. 
f) Socio-economic and political factors: Alix-Garcia (2007) identifies socio-economic factors 
as important determinants of land use change. In order to control for socio-economic 
conditions and other political characteristics that are likely to influence deforestation and 
selection of land parcels in protection, I only match treatment parcels to control parcels that 
are located in the same province. I use ArcGIS and a detailed administrative boundary map 
of Indonesia to allocate each parcel to a region, province and district.   
The summary statistics for the covariates for Indonesia and for each of the five island regions are 
provided in Table 11. I use an OLS regression to check for the relationship between the 
covariates and the change in forest cover on all non-protected parcels.   
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4.5 Results 
4.5.1 OLS Results 
The results from the OLS regression shown in Table 12 highlight the significance of the 
covariates included in the matching technique in determining forest degradation. I find that the 
amount of forest cover in 2000 is positively associated with forest degradation indicating that 
parcels with greater forest cover in 2000 experienced more forest degradation in 2010. The 
average distance from rivers and roads has a significant and negative impact on forest 
degradation for Indonesia as well as the five individual regions. While the average distance from 
city has a negative impact on forest degradation for Indonesia and the individual regions of 
Kalimantan, Sulawesi and Papua, it has a positive and significant effect on forest degradation for 
Sumatra. Elevation and slope have a negative impact on forest degradation for all regions in 
Indonesia indicating that there is less forest degradation on land parcels situated at higher 
elevations and more sloped regions. 
4.5.2 Results for Indonesia  
 Results from a Moran’s I test based on the first order queen’s contiguity weights matrix 
indicate that there is a significant positive correlation of 0.44 (with a p-statistic of <0.0001) 
between the extent of forest degradation on a given parcel of land and its immediately 
contiguous neighboring parcels. Moran’s I test based on second order queen’s contiguity matrix 
is also positive and significant (with an index of 0.16) for Indonesia as a whole but is 
insignificant for Java, Sulawesi and Papua. Based on these results, I believe that the first order 
contiguity weights matrix better captures the nature of spatial spillovers than the higher order 
definitions of neighbors. I do not incorporate the higher order spatial weights matrix because 
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they are not significantly associated with forest degradation for all regions and as shown in 
Anselin (1988a), there is little to be gained by inclusion of higher order spatial weights matrix. 
 Results from all three non-parametric models for Indonesia are shown in Table 13. 
Results from the Matching model indicate that protected areas across Indonesia experienced a 
2.2% reduction in forest degradation. Matching based on Spatial Matching I that accounts for the 
characteristics of the neighboring parcels shows that protection is more positively associated 
with reduction in forest degradation between 2000 and 2010. For Indonesia as a whole, protected 
areas experienced a reduction of 3.6% in forest degradation compared to similar non-protected 
areas. The results from Spatial Matching II that eliminated biased control parcels indicate that 
protected areas achieved 5.2% reduction in forest degradation. Parcels situated immediately 
adjacent to protected areas, on average, experienced less forest degradation than parcels that are 
outside of this boundary and thus biased the results from the Spatial Matching I model 
downwards. If I aggregate the ATT estimates from the Spatial Matching II model over all 
protected areas in the country, I find that in the absence of protection, an estimated 355,306 
hectares of forests across Indonesia would have experienced an increase in forest degradation.  
This indicates that protection was indeed effective in reducing forest degradation on protected 
parcels compared to similar non-protected parcels. 
4.5.3 Other Robustness Checks 
 Figure 16 illustrates the QQ plots for treatment and control parcels for all covariates 
and spatially weighted covariates of neighboring parcels. This figure illustrates that in the 
absence of matching, the control and treated parcels are significantly different from each other. 
Figure 17, 18 and 19 illustrate similar QQ plots for treatment and control parcels using the 
datasets generated by the Matching, Spatial Matching I and Spatial Matching II routines. 
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Furthermore, Appendix E shows the mean values of all the covariates for the three matching 
models. As indicated by the QQ plots, the accuracy of the matches for the characteristics of 
contiguous neighboring parcels improve when we use the Spatial Matching I model compared to 
the Matching model whereas the overall quality of the matches deteriorates moderately based on 
the Spatial Matching II model. 
 The results from all three matching routines do not change significantly even when we 
increase the number of matches to three, four or five or reduce the number of matches to one. 
ATT based on the matching routines that only considers parcels that belong to national parks in 
the treatment group indicate that protection is a little more negatively associated with forest 
degradation. However, while strictness in protection seems to be more effective in reducing 
forest degradation, this result maybe attributable to the more distant location of these areas 
compared to less strictly protected areas. When I divide the 118,861 available control parcels 
into two groups based on the strictness of their management regime, I find that protection is 
more positively associated with reduction in forest degradation when counterfactuals are strictly 
selected from production forests where deforestation is permitted. However, the covariate 
balance deteriorates significantly which indicates that restricting the control parcels based on 
land allocation type does not result in more robust ATT estimates. 
 Table 15 illustrates the results from the parametric spatial lag model using the full 
dataset as well as the datasets generated by the Matching and Spatial Matching procedures. I find 
that the coefficient on spatial lag for change in forest cover is statistically significant and positive 
for Indonesia even after clustering standard errors by district which results in larger standard 
errors. This provides additional evidence for the presence of significant positive correlation 
between the extent of forest cover on a given parcel of land and that of neighboring parcels. 
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Similar to the ATT the results from the parametric spatial lag model also indicate that the 
coefficient on treatment is significant (even after clustering of standard errors) and the magnitude 
of the effects of protection on reduction in forest degradation is similar to the Matching and 
Spatial Matching I and II models. 
4.5.4 Results from Sensitivity Analysis 
 Results from Rosenbaum bounds indicate that the causal effect of protection on forest 
degradation for the case of Indonesia are not robust to hidden bias as the odds ratio, Γ, increases 
to 1.6. I increase the odds ratio from      which indicates perfect randomization, to      as 
shown in column one of Table 14. The second and third columns of Table 14 report the upper 
and lower bounds of the p-value from the Wilcoxon Sign ranking test.  For    , the smaller p-
value indicates that we can reject the null hypothesis that the treatment has no effect on forest 
degradation. However, for higher odds ratio (Γ > 2), I find that the treatment effect does not have 
a significant effect on forest degradation; thus, the ATT results may be vulnerable to unobserved 
bias. 
4.5.5 Results for Individual Regions  
 While the above results illustrate the impact of protection on forest degradation across 
Indonesia, these results are not uniformly relevant for each of the five island regions within 
Indonesia. Results from the regional analysis using the same parametric and non-parametric 
methods illustrate a wide variation in the impact of protection on forest degradation. Table 12 
provides results based on all non-parametric methods for all five-island regions. Table 15 
provides results for the parametric models using the dataset generated by Spatial Matching II 
method. I focus the region-specific discussion on the results obtained from the Spatial Matching 
II method that eliminate the biased controls. 
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The matching results indicate that protected areas in Java and Sulawesi experienced an 
increase in forest degradation whereas protected areas in the other three regions of Sumatra, 
Kalimantan and Papua experienced a reduction in forest degradation between 2000 and 2010. 
Java and Sulawesi experienced an increase in forest degradation of 6% and 1% within protected 
areas compared to similar non-protected areas. Sumatra, Kalimantan, and Papua experienced a 
reduction in forest degradation of 3.3%, 17.3% and 2.5%, respectively. For the total protected 
area network within each region, I find that approximately 3,333 hectares and 1,393 hectares of 
protected area experienced increased forest degradation compared to similar non protected areas 
in Java and Sulawesi; though the results for Sulawesi are not significant. Conversely, the 
regional ATT estimates show that 88,088 hectares, 109,585 hectares and 109,396 hectares of 
protected areas experienced a gain in forest cover compared to similar non-protected areas in 
Sumatra, Kalimantan and Papua.  
The robustness tests indicate that the ATT results for all regions, except Kalimantan, are 
not sensitive to the number of matches used in the matching routine. The ATT for Kalimantan 
deteriorates as we increase the number of matches from two to five because the matching routine 
with replacement selects the same heavily deforested parcels as counterfactuals for the treatment 
parcels which may overestimate the effect of protection on reduction in forest degradation 
compared to a matching routine without replacement. Thus, the ATT results for Kalimantan as 
shown in Table 12 are based on only one counterfactual match for each protected parcel. 
 The results in Table 15 illustrate that the coefficient on spatial lag of change in forest 
cover is statistically significant and positive for all regions except Java and Sulawesi. These 
results provide evidence for the presence of significant positive correlation between the extent of 
forest cover on a given parcel of land and that of neighboring parcels. The signs and magnitudes 
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of the coefficient on treatment for all regions except Java are also similar to the ATT results 
based on the matching technique.  
4.6 Conclusion 
 The objective of this study is to estimate the ATT of protection in Indonesia using 
impact evaluation tools that identify appropriate counterfactuals for parcels that were designated 
as protected between 2000 and 2010 based on observable covariates. Furthermore, I recognize 
that the decision to degrade an area of land is not independent of the decision to degrade a 
neighboring area. I find that the spatial lag in forest degradation is significant and positive across 
Indonesia and there is a large and significant difference in the measure of impact of protection on 
any given parcel when I take this spatial relationship into account. In this study, I also determine 
the heterogeneity in patterns of forest degradation across the five island regions of the country.  
The regional scale of analysis is important because each region contains forests with unique 
characteristics, each of which requires protection. Understanding these regional differences using 
common tools and methods is the first step in understanding why protected areas work more 
effectively in some regions and not in others. Such analysis can help with future targeting of 
conservation policy. 
 While illegal logging and mining activities and agricultural conversion continue to 
contribute to deforestation, I find that protected areas have been moderately successful in 
conserving forests in Indonesia. The ATT estimates are robust to several specification biases 
such as strictness of protected areas considered as treatment and the extent of deforestation 
allowed within control parcels. The ATT for entire Indonesia is estimated at 5.2%, indicating 
that within protected areas there was an average reduction in forest degradation compared to 
similar non-protected areas. Thus, in the absence of protection, an estimated 355,306 hectares of 
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forests across Indonesia would have experienced greater forest degradation. This study also 
estimates the impact of protection in the individual regions of Java, Sumatra, Kalimantan, 
Sulawesi and Papua. The ATT results from the individual regions indicate that protection has 
been effective in reducing forest degradation in Sumatra, Kalimantan, and Papua but not in Java 
and Sulawesi. The ATT results for Java indicate a 6% increase in forest degradation within 
protected areas relative to similar non-protected areas. One possible explanation for this 
surprising result is that government protection in Java may have removed the local forest user’s 
incentive to regulate resource consumption decreasing monitoring and increasing forest 
degradation practices through illegal uses. 
 The wide regional differences in the impact of protection on forest degradation indicate 
that evaluating the impact of protection for Indonesia at large is not adequate to identify more 
local effects. The heterogeneity in forest degradation patterns across protected areas in the five 
island regions of Indonesia also suggest that rather than a cookie-cutter approach to protection, 
future protection policy in Indonesia can benefit from more region specific approaches. For 
example, the significantly higher forest degradation within protected areas in Java signals the 
need for greater resources for monitoring and enforcement of protected areas in this region.   
 One limitation of this study is I only consider areas designated as protected after 2000. 
Setting aside land for protection in Indonesia is not a recent phenomenon. Indonesia has a long 
history of protected area management with the biggest thrust occurring in the 1980s. 
Approximately 10% of the current terrestrial area under protection in Indonesia was brought 
under protection after 1980. A better estimate of the impact of protection should include these 
protected areas in the impact evaluation measure. However, this would require data on forest 
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cover prior to 1980. If such data is available, one could calculate more robust ATT estimates 
using a panel data set. 
 The non-parametric matching methods used in this study eliminate potential bias from 
observed explanatory variables and hence improve upon estimated effect of treatment compared 
to regression analysis. However, these methods are not robust to potential hidden bias from 
unobserved variables. A sensitivity analysis indicates that the ATT results for Indonesia are 
robust to moderate levels of unobserved bias. When an unobserved covariate causes the odds 
ratio of protection to differ between protected and unprotected plots by a factor of more than 2, 
then the sensitivity results indicate that protection is not significantly associated with reduction 
in forest degradation. Thus, it is likely that endogeneity problems may have biased the results 
from this study upwards in favor of protection. Future research needs to address the potential 
endogeneity problem to arrive at more robust estimates of the impact of protected area status on 
reduction in forest degradation.  
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4.8 Figures and Tables 
 
Figure 15: Map of Protected Areas in the Five Island-Regions of Indonesia 
 
 
 
Note: In the above figure, the areas in green represent parcels that were designated as protected 
between 2000 and 2010. The areas in blue are parcels that were protected prior to 2000 and these 
parcels are excluded from the analysis in this study. All other parcels represent unprotected lands 
and are eligible for forming relevant counterfactuals in the impact evaluation study.
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Figure 16: Q-Q Plot for Unmatched Control and Treated Observations for Covariates 
 
 
 
Note: The above figure illustrates the QQ plots for all covariates as well as the spatially lagged values of these covariates for treatment 
and control parcels from the full dataset.  
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Figure 17: Q-Q Plot for Covariates of Control and Treated Observations based on Matching Model 
 
 
 
Note: The above figure illustrates the QQ plots for all covariates as well as the spatially lagged values of these covariates for treatment 
and control parcels from the dataset generated using the Matching routine. Since the Matching routine does not account for the 
spatially lagged values of neighbors, the QQ plots for the spatially lagged covariates are similar to those shown in Figure 2. 
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Figure 18: Q-Q Plot for Covariates of Control and Treated Observations based on Spatial Matching Model I 
 
 
 
Note: The above figure illustrates the QQ plots for all covariates as well as the spatially lagged values of these covariates for treatment 
and control parcels from the dataset generated using the Spatial Matching I routine.  
  
 
 
 
 
 
 
 
 
  
120 
 
Figure 19: Q-Q Plot for Covariates of Control and Treated Observations based on Spatial Matching Model II 
 
 
 
Note: The above figure illustrates the QQ plots for all covariates as well as the spatially lagged values of these covariates for treatment 
and control parcels from the dataset generated using the Spatial Matching II routine.  
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Table 11: Summary Statistic for Parcel Level Data 
 
  N Change in 
Forest Cover (%) 
 Forest Cover 
in 2000 (ha) 
Distance City 
(km) 
Distance River 
(km) 
Distance Road 
(km) 
Elevation 
(m) 
Slope 
(deg.) 
 Indonesia 
Protected 7592 -0.65%  719.97 175.27 3063.52 126.51 986.85 13.15 
Non-protected 111269 -7.82%  666.70 159.96 3321.00 81.61 373.43 8.41 
 Java 
Protected 57 -5.02%  521.27 18.43 2454.01 9.97 1412.25 14.51 
Non-protected 1652 -1.34%  316.34 15.64 2389.86 7.33 831.14 13.21 
 Sumatra 
Protected 3562 -7.64%  771.51 63.71 3394.72 15.72 980.33 16.18 
Non-protected 17554 -18.21%  526.74 64.89 4475.61 15.79 303.44 6.68 
 Kalimantan 
Protected 743 -1.12%  793.04 74.30 5028.86 76.47 25.82 0.77 
Non-protected 38855 -8.22%  647.82 172.19 3311.15 46.08 266.62 7.41 
 Sulawesi 
Protected 71 1.22%  482.39 43.83 1843.49 6.43 575.81 13.10 
Non-protected 12117 -8.82%  624.80 86.54 2288.67 27.19 688.67 14.38 
 Papua 
Protected 3159 66.44%  653.59 330.59 2266.25 267.99 1221.81 12.62 
Non-protected 41091 -2.96%  770.79 216.47 3178.91 162.35 392.95 8.14 
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Table 12: OLS Regression of Change in Forest Cover on Covariates 
 
 Indonesia Java Sumatra Kalimantan Sulawesi Papua 
Forest Cover 2000 (ha) -0.15*** -0.34*** -0.42*** -0.14*** -0.30*** -0.08*** 
 (0.00) (0.02) (0.01) (0.00) (0.01) (0.00) 
Avg. Distance City (km) 0.33*** -0.69 -0.39*** 0.29*** 1.16*** 0.02* 
 (0.01) (0.83) (0.06) (0.01) (0.05) (0.01) 
Avg. Distance River (km) 0.03*** 0.04*** 0.02*** 0.00 0.00 0.04** 
 (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) 
Avg. Distance Road (km) 0.25*** 2.29* 3.67*** 0.35*** 0.14 0.08*** 
 (0.01) (1.12) (0.13) (0.02) (0.09) (0.01) 
Elevation (m) 0.02*** 0.16*** 0.08*** 0.10*** 0.11*** 0.00 
 (0.00) (0.01) (0.01) (0.01) (0.00) (0.00) 
Slope (deg.) 5.84*** 3.66** 16.93*** 4.03*** 4.25*** 2.95*** 
 (0.12) (1.16) (0.42) (0.26) (0.36) (0.14) 
Province -0.63*** 4.25* -0.68** 19.51*** -0.66 1.03*** 
 (0.09) (1.93) (0.21) (0.89) (0.37) (0.16) 
WWF Ecoregion -0.37*** 1.07** -5.07*** 0.47*** 27.59*** -0.35** 
 (0.06) (0.38) (0.81) (0.10) (3.41) (0.11) 
       
 
 
***Significant at 1%; **Significant at 5%; all other coefficients are not significant at 10%. 
Standard errors are given in parentheses.
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Table 13: Estimated Change in Forest Cover per Parcel and for Entire Protected Network 
Non-Parametric Results (SE) 
 
Change in Forest Cover Matching Spatial Matching I Spatial Matching II 
    
Indonesia (% per parcel) 19.80*** 
(3.64) 
32.46*** 
(5.41) 
46.81*** 
(7.73) 
Indonesia (total change, ha) 150,322 245,981 355,306 
Java (% per parcel) -56.39** 
(28.38) 
-60.23** 
(28.68) 
-58.47** 
(28.56) 
Java (total change, ha) -3,214 -3,433 -3,333 
Sumatra (% per parcel) 30.07*** 
(9.29) 
20.68*** 
(7.36) 
24.73*** 
(8.29) 
Sumatra (total change, ha) 107,109 73,662 88,088 
Kalimantan (% per parcel) 156.53*** 
(25.91) 
140.50*** 
(21.06) 
147.49*** 
(24.04) 
Kalimantan (total change, ha) 116,301 104,392 109,585 
 
Sulawesi (% per parcel) -11.23 
(33.23) 
-28.90 
(34.62) 
-19.62 
(33.60) 
Sulawesi (total change, ha) -797 -2,052 -1,393 
 
Papua (% per parcel) 22.64*** 
(6.31) 
36.74*** 
(6.40) 
34.63*** 
(8.43) 
Papua (total change, ha) 71,520 116,062 109,396 
 
***Significant at 1%; **Significant at 5%; all other coefficients are not significant at 10%. 
Note: The table above shows the ATT for the change in forest cover between 2000 and 2010 in 
hectares. To determine the % change in forest cover, I divide the ATT in hectares by the total 
hectares in each parcel, 900 hectares. 
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Table 14: Parametric Spatial Lag Model (SE) 
 
 Full Dataset Matching Model I Spatial Matching I Spatial Matching II 
     
Spatial Lag 0.40*** 0.42*** 0.35*** 0.37*** 
 (0.07) (0.05) (0.02) (0.02) 
Protection 22.14*** 26.17*** 34.31*** 50.33*** 
 (3.64) (3.88) (4.22) (5.21) 
Forest Cover 2000 -0.16*** -0.21*** -0.22*** -0.31*** 
 (0.00) (0.01) (0.02) (0.01) 
Distance City 0.37*** 0.31*** 0.23*** 0.19*** 
 (0.02) (0.03) (0.05) (0.03) 
Distance River 0.00 0.01 0.005*** 0.003*** 
 (0.00) (0.01) (0.00) (0.00) 
Distance Road 0.32*** 0.40*** 0.67*** 0.55*** 
 (0.02) (0.04) (0.08) (0.06) 
Elevation 0.03*** 0.03*** 0.01** 0.03** 
 (0.00) (0.00) (0.00) (0.00) 
Slope 6.84*** 5.99*** 5.82*** 6.12*** 
 (0.31) (0.35) (0.58) (0.52) 
Province 1.94*** 2.88*** 3.65*** 2.51*** 
 (0.11) (0.37) (0.42) (0.32) 
WWF Ecoregion 0.415*** 0.72*** 0.902*** 0.90*** 
 (0.08) (0.10) (0.11) (0.13) 
Constant 45.84*** 32.71*** 28.25 30.48 
 (8.07) (6.98) (14.97) (15.00) 
 
***Significant at 1%; **Significant at 5%; all other coefficients are not significant at 10%.  
Standard errors are given in parentheses.
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Table 15: Rosenbaum critical p-values for ATT (Indonesia) 
 
Γ Matching Model (ATT) Spatial Matching I (ATT) Spatial Matching II (ATT) 
 Lower  
Bound 
Upper  
Bound 
Lower  
Bound 
Upper  
Bound 
Lower  
Bound 
Upper  
Bound 
1.0 0.000 0.000 0.000 0.000 0.000 0.000 
1.2 0.000 0.000 0.000 0.000 0.000 0.000 
1.4 
1.6 
1.8 
0.000 
0.000 
0.001 
0.000 
0.005 
0.020 
0.000 
0.000 
0.001 
0.000 
0.007 
0.010 
0.000 
0.000 
0.000 
0.000 
0.006 
0.010 
2.0 0.001 0.089 0.001 0.114 0.005 0.093 
3.0 0.001 0.121 0.002 0.195 0.001 0.188 
 
Notes: 1) Increasing values of Γ indicate that unobservable variables play a larger role in the 
selection into treatment.  
2) The lower and upper bounds indicate the p-value for under and over estimation of the effect of 
treatment. 
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Table 16: Parametric Spatial Lag Model Results for the Five Regions (SE) 
Using Dataset generated by Spatial Matching II Procedure 
 
 Java Sumatra Kalimantan     Sulawesi Papua 
      
Spatial Lag 0.18 0.57*** 0.28* 0.2 0.23*** 
 (0.54) (0.07) (0.09) (0.49) (0.06) 
Protection -70.33 28.41*** 166.82*** -13.98 35.98*** 
 (47.28) (4.91) (26.79) (11.81) (6.31) 
Forest Cover 2000 -0.319*** -0.152*** -0.214*** -0.166*** -0.252*** 
 (0.03) (0.01) (0.05) (0.03) (0.02) 
Distance City -2.15 -0.23 2.72** 2.18 0.88*** 
 (1.99) (0.31) (0.45) (4.06) (0.05) 
Distance River 0.011 0.00 0.02** 0.02 0.00*** 
 (0.01) (0.00) (0.00) (0.02) (0.00) 
Distance Road -1.985 1.11*** 3.44** 0.639 0.055 
 (3.55) (0.22) (0.97) (5.71) (0.04) 
Elevation 0.116** 0.00 4.11** 0.081 0.01*** 
 (0.04) (0.00) (1.36) (0.21) (0.00) 
Slope 3.33 1.90*** 8.98* 1.3 7.66*** 
 (4.40) (0.42) (2.17) (4.81) (0.52) 
Province 1.97 0.44* 2.39*** 1.22*** 6.90*** 
 (0.99) (0.13) (0.31) (0.12) (1.49) 
WWF Ecoregion 2.11 8.79* 5.69*** 15.76 1.77* 
 (2.58) (4.52) (1.30) (13.31) (0.60) 
Constant 11.26 -22.9 27.83*** -8.18 -28.66 
 (14.07) (11.51) (3.86) (7.00) (4.29) 
 
***Significant at 1%; **Significant at 5%; all other coefficients are not significant at 10%.  
Standard errors are given in parentheses.
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CHAPTER 5: CONCLUSION 
 
Rapid conversion of land for agricultural and urban use raises concern worldwide over 
loss of ecological services. In this dissertation, I design policies and suggest management 
strategies to address uncertainty and risk in conservation settings and use impact evaluation to 
examine the effectiveness of protected areas in reducing forest degradation. Chapter two 
provides an analytical solution for the level of policy instruments that would be sufficient to 
forestall private land conversion when competing land use choices are both associated with 
market uncertainties. It then demonstrates the results with a relevant example of tropical 
deforestation in Malaysia. The essay in chapter three advances the systematic conservation 
planning literature by illustrating the use of a downside risk measure for optimal spatial targeting 
of conservation activity in the face of uncertain changes in future spatial patterns of conservation 
related outcomes. Finally in the fourth chapter, I estimate whether and where land protection has 
been successful in Indonesia in reducing forest degradation using impact evaluation methods. 
National and international policy initiatives aimed at reducing land conversion activities 
often employ standard deterministic frameworks to model the tradeoffs between competing land 
uses and often base financial incentives aimed at forestalling the conversion activity on such 
deterministic models. However, the benefits that govern land use decisions are prone to 
significant volatility which creates substantial option value for the landowner in delaying the 
conversion decision. Even real-options models that incorporate only a single uncertainty in the 
profitability of conversion may not accurately capture all the factors that govern private land 
conversion decisions. Chapter two builds upon previous papers that use a real options framework 
by incorporating two sources of uncertainty into the model of private land owners’ decision 
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making process. It finds and illustrates substantial differences in privately optimal conversion 
triggers and the optimal level of policy instruments that are calculated by models that account for 
two, one, or no sources of uncertainty in landowner decision making.  
Incorporating policy instruments into the real options model reveals that standard 
methods for calculating values of policy instruments such as lump sum payments and variable 
percentage subsidies may yield miscalculations, and either fail to motivate private land owners to 
consider undertaking permanent conservation or result in overpayments for conservation. The 
paper also highlights the relationship between the individual parameters in the model and the 
policy instruments based on relationships between these parameters and the option value.  
Parameters that tend to increase the option value increase the level of subsidy required by private 
landowners and vice versa. My findings illustrate scenarios in which policy makers should be 
especially careful and consider using the more comprehensive multiple source uncertainty 
model.  
When conservation policy involves selecting a portfolio of conservation activity across a 
wide landscape, climate change induced variation in future conservation-related outcomes makes 
it difficult to predict with certainty which sub-regions to include in the spatial conservation 
portfolio. While recent work adapts portfolio optimization technique from the finance literature 
to identify risk-reducing portfolio of conservation activity, it uses variance to measure the risk 
associated with the variation in future conservation outcomes across the planning landscape. 
Variance is a symmetric risk measure that weighs both upside and downside deviation from 
mean as equally undesirable. Chapter three illustrates that using a downside risk measure can 
significantly alter the optimal portfolio allocation strategy as well as the risk-return tradeoffs 
when the variation in future conservation outcomes do not follow a multivariate distribution. 
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I use the current and future modeled incidence values for 147 individual bird species 
across the eastern United States to identify the characteristics of return distributions that result in 
differences in optimal portfolio allocations based on mean-variance and mean-downside risk 
frameworks. Replacing variance with a downside risk measure leads to significant differences in 
portfolio allocations and risk-return profiles when returns distributions for sub-regions of a 
broader landscape exhibit skewed distribution patterns.  
An equally important facet of the conservation planning problem is evaluating the 
effectiveness of conservation programs. Impact evaluation tools that use counterfactual analysis 
can be effectively used to evaluate the impact of existing conservation policies and guide future 
targeting and monitoring of such policies. A popular policy mechanism that has been globally 
used to stem the tide of ongoing deforestation activities is land protection. However, merely 
increasing the area under protection does not guarantee a reduction in deforestation levels within 
such protected areas. In the third essay, I evaluate the effectiveness of protected areas in 
Indonesia in reducing forest degradation within the boundary of protected areas established 
between 2000 and 2010. I follow recent impact evaluation literature and estimate the ATT using 
appropriate matching methods that match each protected parcel of land with a relevant 
counterfactual parcel and compare the changes in forestation levels across the two parcels. 
However, I also find that there is a significant and positive relationship between changes in 
forestation levels on contiguous parcels. Thus, I incorporate the characteristics of contiguous 
neighbors in the existing matching technique to identify suitable control parcels. I find that 
parcels within protected area boundaries are on average more effective at reducing forest 
degradation compared to similar parcels that are not protected. However, this general result is not 
applicable uniformly across all regions of Indonesia. A regional scale of analysis reveals that 
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there is a wide variation in forest degradation within protected areas across different regions of 
Indonesia.  
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APPENDIX A: DERIVATION OF GENERAL ANALYTICAL SOLUTION 
 
In order to move from Equation (5) to (7), we take successive differentiation of (6) using 
the definition, 
X
Y
F  . We get,
 
 
X FV G FG            (6a) 
2
XX FF
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          (6b)
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I substitute the above derivatives into (5) to derive the ordinary differential equation in (7) 
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A general solution to (6f) is: 
1
1
1
( )G F AF A F
r


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  .       (7a)
 
λ and λ1 are the positive and negative roots, respectively, of the fundamental quadratic equation 
(as given in Equation (9)). 
The value function can be expressed as, 
1
1( , ) ( )
X
V X Y X AF A F
r


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        (9a)
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Here,  
X
r 
 is the expected net present value if the land owner conserves forever. The first term 
is the value of the option to convert to a commercial activity. 
To fully solve the optimal land conversion rule, we solve for the constants A and A1 and. 
F
*
. For this, I need three boundary value conditions: 
1) For 0),(,0  YXVY . This assumption is based on the limiting power behavior of the 
value function near zero. When Y is very small, the prospect of it rising to the exercise 
threshold F
*
 is quite remote. Therefore the option should be almost worthless at this extreme. 
To ensure that
 
0),( YXV , we set the coefficient of the negative power of F
*
, λ1, equal to 
zero. Thus
 
01 A . 
2) Value matching condition requires,






r
Y
r
X
XAF , where the private land owner 
should be indifferent between continued conservation and conversion. 
3) Smooth pasting condition requires equating the marginal changes in the continuation value 
and the stopping value (which I get by taking the first derivative of the value matching 
condition with respect to X and Y): 

 


r
AF
1
)1(  and 

 

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r
AF
11
 . 
Using the value matching and the smooth pasting conditions, I derive A and F
*
 as shown in 
Equation (14). Note that once I solve for F*, the value of A can be derived using any one of 
Equation 11, 12 or 13.  
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APPENDIX B: SENSITIVITY ANALYSIS FOR CORRELATION 
COEFFICIENT PARAMETER 
 
          Panel (a):      Panel (b): 
Effect on Y*, Negative Correlation         Effect on Y*, Positive Correlation 
  
         Panel (c):      Panel (d): 
  Effect on Transfer, Negative Correlation   Effect on Transfer, Positive Correlation 
Legend 
 
 
 
Notes:  
1) Scenarios with negative correlation assume -1.  
2) Scenarios with positive correlation assume +1.  
3) For the perfect positive correlation scenario, as the deviation in conversion returns increases, 
the risk in a multiple source uncertainty model is lower (from converting) than under a single 
uncertainty model. The conversion trigger and lump sum transfers thus increase at a slower rate 
under multiple-source uncertainty for any increase in the uncertainty from conversion returns 
when there is perfect positive correlation between the two returns. 
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APPENDIX C: EFFECT OF CHANGES IN KEY PARAMETERS ON 
VARIABLE PERCENTAGE SUBSIDY 
Figure C1: Effect of Changes in Drift Rate of and Standard Deviations  
on Variable Percentage Subsidy  
 
           Panel (a): Conservation Returns                               Panel (b): Conversion Returns 
 
 
Panel (c): Conservation Returns 
 
Panel (d): Conversion Returns 
Legend 
 
 
Note: Figures indicate the effects on the variable percentage subsidies from changes in the drift 
rates and std. deviations in conservation and conversion returns, α, β, σX, and σY , while other 
parameters are held constant (values as indicated in Table 3).  
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Figure C2: Effect of Changes in Discount Rate and Correlation Coefficient  
on Variable Percentage Subsidy 
 
Panel (a) 
 
 
Panel (b) 
 
Legend 
 
Note: Figures indicate the effects on the variable percentage subsidies from changes in the 
correlation coefficient and discount rate, ρ and r, while other parameters are held constant 
(values as indicated in Table 3).  
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APPENDIX D: CORRELATION COEFFICIENT MATRIX OF RETURNS 
 
Table D1: Correlation Coefficient Matrix of Returns for the American Goldfinch and the 
Wood thrush 
 
A: Correlation Coefficient Matrix of Returns for the American Goldfinch 
  South-east South-central Great-plains North-east North-central 
South-east 1.00 0.74 -0.56 0.13 0.44 
South-central 0.74 1.00 -0.41 0.17 0.14 
Great-plains -0.56 -0.41 1.00 -0.88 -0.95 
North-east 0.13 0.17 -0.88 1.00 0.85 
North-central 0.44 0.14 -0.95 0.85 1.00 
      
B: Correlation Coefficient Matrix of Returns for the Wood thrush 
  South-east South-central Great-plains North-east North-central 
South-east 1.00 0.55 -0.48 -0.25 -0.78 
South-central 0.55 1.00 0.12 -0.73 -0.40 
Great-plains -0.48 0.12 1.00 -0.67 0.62 
North-east -0.25 -0.73 -0.67 1.00 -0.01 
North-central -0.78 -0.40 0.62 -0.01 1.00 
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APPENDIX E: COVARIATE BALANCES FOR MATCHING, SPATIAL MATCHING I AND SPATIAL 
MATCHING II 
 
Table E1: Covariate Balance for Matching 
 
 Average Values for Treatment and Control Groups 
Covariates Indonesia Java Sumatra Kalimantan Sulawesi Papua 
 Treat Control Treat Control Treat Control Treat Control Treat Control Treat Control 
W Forest Cover 2000 702.8 649.3 440.1 467.3 750.8 693.7 774.0 701.7 476.0 425.7 641.8 680.6 
Forest Cover 2000 720.0 721.0 521.3 537.3 771.5 756.3 793.0 782.6 482.4 463.1 653.6 664.0 
W Distance City 173.4 155.9 18.3 16.2 63.4 59.8 74.3 80.1 43.8 48.4 326.5 280.7 
Distance City 175.3 164.1 18.4 18.2 63.7 62.0 74.3 71.7 43.8 44.9 330.6 311.9 
W Distance River 3019.3 2560.7 2546.8 2098.1 3369.4 3059.2 4976.3 2908.7 1903.9 1871.3 2198.4 1895.0 
Distance River 3063.5 2805.1 2454.0 2359.1 3395.3 3167.6 5028.9 3479.7 1843.5 1827.1 2266.3 2150.8 
W Distance Road 125.1 112.4 9.6 7.9 15.5 12.7 76.5 80.3 6.3 8.0 264.9 246.1 
Distance Road 126.5 123.1 10.0 9.2 15.7 13.6 76.5 72.8 6.4 6.7 268.0 266.2 
W Elevation 980.9 910.2 1338.7 1231.5 969.9 850.5 25.5 27.2 582.0 537.8 1220.6 1108.7 
Elevation 986.8 958.0 1412.3 1281.8 980.3 920.4 25.8 26.0 575.8 569.1 1221.8 1207.8 
W Slope 13.0 11.8 13.5 14.2 16.0 12.8 0.8 1.0 12.9 15.6 12.5 14.6 
Slope 13.2 12.9 14.5 14.7 16.2 15.3 0.8 0.8 13.1 13.6 12.6 12.8 
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 Table E2: Covariate Balance for Spatial Matching I  
 
 Average Values for Treatment and Control Groups 
Covariates Indonesia Java Sumatra Kalimantan Sulawesi Papua 
 Treat Control Treat Control Treat Control Treat Control Treat Control Treat Control 
W Forest Cover 2000 702.8 690.2 440.1 453.5 750.8 705.4 774.0 715.5 476.0 440.7 641.8 667.3 
Forest Cover 2000 720.0 722.3 521.3 531.6 771.5 761.8 793.0 781.8 482.4 486.9 653.6 666.6 
W Distance City 173.4 162.6 18.3 17.5 63.4 62.2 74.3 77.2 43.8 44.5 326.5 306.3 
Distance City 175.3 164.4 18.4 17.7 63.7 62.4 74.3 77.2 43.8 44.5 330.6 310.0 
W Distance River 3019.3 2699.7 2546.8 2280.6 3369.4 3128.3 4976.3 3277.5 1903.9 1883.0 2198.4 2032.5 
Distance River 3063.5 2737.4 2454.0 2260.6 3395.3 3184.1 5028.9 3130.9 1843.5 1826.6 2266.3 2109.4 
W Distance Road 125.1 122.2 9.6 8.4 15.5 13.7 76.5 77.5 6.3 7.0 264.9 261.6 
Distance Road 126.5 123.6 10.0 8.8 15.7 13.9 76.5 77.5 6.4 7.0 268.0 264.5 
W Elevation 980.9 938.3 1338.7 1249.6 969.9 872.8 25.5 25.5 582.0 563.9 1220.6 1194.4 
Elevation 986.8 966.0 1412.3 1319.0 980.3 919.1 25.8 26.8 575.8 562.1 1221.8 1214.1 
W Slope 13.0 12.6 13.5 13.6 16.0 14.5 0.8 0.8 12.9 13.7 12.5 12.8 
Slope 13.2 12.9 14.5 14.6 16.2 15.2 0.8 0.8 13.1 13.8 12.6 12.9 
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Table E3: Covariate Balance for Spatial Matching II 
 
 Average Values for Treatment and Control Groups 
Covariates Indonesia Java Sumatra Kalimantan Sulawesi Papua 
 Treat Control Treat Control Treat Control Treat Control Treat Control Treat Control 
W Forest Cover 2000 746.5 726.0 440.1 460.3 750.8 687.5 774.0 689.5 476.0 427.5 641.8 684.1 
Forest Cover 2000 760.3 761.4 521.3 538.7 771.5 740.8 793.0 760.8 482.4 493.2 653.6 675.7 
W Distance City 191.7 176.2 18.3 15.4 63.4 59.5 74.3 82.2 43.8 47.3 326.5 292.5 
Distance City 193.4 177.7 18.4 16.0 63.7 58.1 74.3 84.0 43.8 51.0 330.6 288.1 
W Distance River 3152.4 2662.5 2546.8 2138.5 3369.4 3009.4 4976.3 2988.0 1903.9 1834.2 2198.4 1980.9 
Distance River 3181.9 2699.4 2454.0 2090.6 3395.3 3069.8 5028.9 3060.5 1843.5 1807.1 2266.3 2111.0 
W Distance Road 143.2 138.8 9.6 7.3 15.5 11.4 76.5 80.4 6.3 9.1 264.9 253.8 
Distance Road 144.6 140.1 10.0 7.5 15.7 12.7 76.5 81.4 6.4 8.1 268.0 259.7 
W Elevation 1040.7 982.0 1338.7 1173.8 969.9 849.4 25.5 27.0 582.0 574.4 1220.6 1187.8 
Elevation 1047.7 1022.4 1412.3 1258.3 980.3 900.0 25.8 28.5 575.8 554.3 1221.8 1993.0 
W Slope 13.4 13.0 13.5 14.7 16.0 12.6 0.8 0.9 12.9 15.3 12.5 11.7 
Slope 13.6 13.4 14.5 15.8 16.2 13.6 0.8 1.1 13.1 14.0 12.6 11.0 
 
 
